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Abstract 


Developing an accurate model of an ultra-cold cooling sequence enables the potential opti- 
misation of cold atom interferometry sequences, either through the training of a reinforcement 
learning agent or statistical inference. Pre-existing physics simulations are computationally 
intensive, however by training a generative AI model on data obtained from the physics sim- 
ulation a speed-up factor of approximately 175x was achieved. The model itself is factorised 
into two parts, a deterministic model of the probability of an atom being transmitted to the 
next chamber, and a probabilistic model of the distributions of position and velocity vectors 
of the transmitted atoms. For the first part, a deep neural network was found to significantly 
out-perform a boosted decision tree, particularly in the tail-end of the distribution. For the 
probabilistic model, the introduction of diffusion Bayesian inference methods and diffusion 
inspired modifications was found to have significant improvements on conditional normalising 
flows in preventing manifold overfitting. This paper introduces the concept of ” pre-diffusion” 
rounds in flows, in which the model is trained on a gradually denoising representation of 
the data, smoothing” out training and drastically reducing manifold overfitting in as few 
as ten ”pre-diffusion” rounds. Similarly, the application of a diffusion based Bayesian infer- 
ence model with attention based conditioning led to even greater results in the prevention 
of manifold overfitting. The inclusion of second order information in the loss function of 
diffusion models has somewhat of a precedent, with these models approximating the trace 
of the Hessian using Hutchinson’s estimator leading to more realistic results in image super- 
resolution. This paper introduces the first application of this second order term to diffusion- 
based Bayesian inference, and has been found to prevent overfitting in certain situations. On 
our dataset, the first order model was not particularly prone to overfitting, and therefore the 
impact was somewhat limited. In some areas of the parameter space it did however provide 
a significantly better fit, in particular distributions with long ”tail-ends” - although a novel 
and experimental method such as this requires extensive scrutiny and testing before it can 
be applied with confidence. The application of diffusion on the whole had a significant im- 
pact on modelling the global” distribution, rather than overfitting to local optima. In this 
context this is an essential characteristic, particularly for training a reliable reinforcement 
learning algorithm or obtaining meaningful statistical inference - of which a Bayesian optimi- 
sation example was demonstrated. The models applied are effective in achieving this global 
representation, and should set a precedent for modelling the entirety of the cooling sequence. 
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1 Introduction 


The Atom Interferometer Observatory and Network (AION) [1] project ap- 
plies single-photon strontium atom interferometry to detect ultra-light dark 
matter (ULDM) and gravitational waves (GWs) in the deci-Hz frequency 
band; from sources including first-order phase transitions from the early 
Universe, cosmic strings and the merger of black-holes with masses exist- 
ing detectors LIGO [2] and Virgo [3] are not sensitive to. Initial 10 m and 
100 m instruments will serve as a test for kilometre-scale terrestrial instru- 
ments, before ultimately a satellite based instrument akin to AEDGE [4]. 
Strontium atom interferometry was chosen due to the long lifetime of the 
narrow line-width of the 459 —? Po 698 nm wavelength clock transition to 
reduce coherence loss during the interferometer sequences [5, 6] and ideal 
optical transitions for trapping in magneto-optical traps (MOTs) [7-9]. 

In an AION detector (Figure 1), ultra-cold strontium atoms are launched 
in an “atomic fountain” configuration; a cloud of atoms is cooled to near 
absolute zero (a) and launched vertically in a vacuum tube shielded from 
residual magnetic fields [10]. Once in free-fall and effectively isolated from 
external forces excluding gravity, the atoms are placed into a quantum su- 
perposition of states via laser pulses (b) before recombined via a subsequent 
set of pulses, the influence of ULDM and GWs on the atom’s transition fre- 
quency causing an interference pattern [11]. Multiple interferometers (c) are 
placed at varying heights within the vacuum tube, the difference in laser _, 

; ; : Figure 1: 
phase measured at each cancels out laser noise and isolates the influence of 
GWs; detected via the light propogation time caused by the strain GWs cre- Conceptual AION 
ate in the space between the free-falling atoms. ULDM is detected via its detector. Adapted 
differential effects on the atom’s transition frequency [1]. from [1}. 

To provide ultra-cold atoms for interferometry, a set of ultra-high vacuum (UHV) chambers 
attached to the vertical detector act as the atom source (a) shown in Figure 1. To reach the 
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Figure 2: 8D cross-sectional view of a model AION sequence, showing: (a) UHV chamber 1 
(2D+ MOT); (b) UHV chamber 2 (blue/red 3D MOT and dipole trap); (c) test conceptual atom 
interferometer as shown in Figure 1. 


nano-kelvin temperatures necessary, a series of ultra-cold cooling techniques are used [9] (Figure 
2). The atoms are initially fired from an atomic oven into a 2D+ ”blue” MOT, where they are 
cooled and trapped by a two dimensional laser and magnetic field gradient before transmitted by 
a push beam into the 3D MOT. The 3D MOT, with an initial ” blue” and further ”red” phase, 
traps the atoms using a three dimensional configuration, bringing them down to micro-kelvin 
temperatures. Finally an optical dipole trap cools atoms to nano-kelvin levels through evaporative 
cooling, whilst confining the atoms in a small, dense region [12]. Each stage of the sequence involves 
various adjustable parameters that are currently manually tuned - however, recent research [13-15] 
indicates that more sophisticated techniques could be applied to optimise the cooling process. 

AtomECS [16] is a simulation package designed to model the interactions of atoms with near- 
resonant laser light, as used in MOTs. AtomECS was developed in Rust utilising the Entity 
Component System (ECS) architecture for optimal CPU parallelisation and computational eff- 
ciency. The application of a reinforcement learning (RL) agent on a physical ultra-cold setup has 
been shown to be successful (Ref. [13]), with the study mitigating the ”cold start problem” [17] 
by pre-training on sampled data. Through the use of AtomECS, simulated data could be obtained 
upon which the model is trained, therefore mitigating the need to directly sample the physical 
sequence. Not only would this minimise cost outlay, but new samples could be generated with 
relative ease, leading to a” deeper” pre-trained RL agent. Statistical inference on this model could 
also be performed, leading to a deeper understanding of AION’s cooling process. 

The wider goal is to develop a full AI (rather than physical) simulation of the cooling process 
for both inference and optimisation using an RL agent. Within AtomECS, each section of the 
sequence (2D MOT, blue/red 3D MOT and dipole trapping) is factorised into distinct simulations. 
To accurately model the atoms transmitted to the 3D MOT, simulated atom vectors dependent 
on the 2D MOT parameters are necessary. The AI model will replicate the relationship between 
these vectors and the parameters, rather than the underlying physical processes. This enables 
efficient sampling of the 2D MOT without the heavy computational outlay of operating a physical 
simulator. 

Initially, the simulation itself is introduced in Section 2 including experimental parameters 
and techniques to sample mass data for training the AI model. The model is factorised into a 
deterministic prediction for probability of transmission (theory available in Appendix A) and a 
probabilistic model to generate atoms at a specified threshold. The theory behind the probabilistic 
models developed is given in Section 3 for normalising flows, and Section 4 for diffusion based 
techniques. The application of these techniques in the development of the model including results 
and optimisation example is detailed in Section 5. 


2 2D Magneto-Optical Trap Simulation 


The following looks to introduce the workings and fundamental mechanics of the AtomECS 2D 
MOT simulation (Section 2.1), including context into the parameters within the simulation and 
resultant model (values tabulated in Section 2.2), and how the simulation may be run to obtain 
large-scale datasets (Section 2.3). 


2.1 Simulation Mechanics 


Presented is an overview of the 2D MOT AtomECS simulation mechanics as demonstrated in Ref. 
[16]. The emphasis here is placed on introducing the simulation constants (Section 2.2.1) and 


input variables @ (Section 2.2.2) and their effect on the target variables X (Section 2.2.3) within 
the physics simulation. This section does not intend to serve as an accurate quantum description 
of MOTs, but rather a description of the simulation mechanics to add context to the wider study. 
The rate equations for example (Equations (4) and (5)) are classical approximations used within 
the simulation. It’s worth noting that the simulation does not account for the broadening effect 
due to saturation intensity or interactions between atoms. 


2.1.1 Initialisation 


Figure 3: 3D cross-sectional view of a model AION sequence showing the alignment of the co- 
ordinate system. The x-axis is aligned perpendicular to the cross-sectional view. 


Each atom’s trajectory is presented in this paper using a spherical co-ordinate system, with 0 
representing the polar angle and @ the azimuth, as illustrated in plot (a) of Figure 4. Figure 3 
shows the relation of this co-ordinate to the AION cooling sequence. At a given time-step such that 
elapsed time t = n;At, where n; represents the total number of elapsed time-steps and At a fixed 
increment of time simulated by an individual time-step, the simulation updates the position and 
velocity vectors (Cartesian) of each atom stored in the ECS based on the effects of the dynamics 
of the system described in this section. 

To reduce computational outlay various limits are placed within the simulation to remove atoms 
with an improbable chance of being captured. A defined velocity cap Uap is implemented, such 
that if an atom’s magnitudinal velocity v exceeds this cap they are deleted from the simulation. 
Physical boundaries (b) are also defined to similar effect, this includes the main simulation bounds 
Dim defining the dimensions of a cuboid centred on the origin, and pipe length Lyip., pipe radius 
pipe and pipe offset d,pip»¢ defining the dimensions of a cylinder along the z-axis. This cylinder is 
designed to model the differential pumping apparatus through which the atoms are transmitted 
to the 3D MOT [16]. 
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Figure 4: 3D diagram illustrating: (a) the spherical co-ordinate system used to define the tra- 
jectory of an atom, showing the magnitudinal velocity v, polar angle 0 and azimuthal ¢; (b) the 
simulation bounds Dim dimensions D,,D,,D_, pipe length Lyipe, pipe radius Tpipe and pipe offset 
Apipe fixed parameters - representing the physical bounds beyond which atoms are removed from the 


simulation. 


2.1.2 Atom Generation 
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Figure 5: 3D diagrams illustrating: (a) aperture position Lapp and aperture radius Trapp, from 
which the atoms are generated; (b) simulation Natoms = 5 X 10°, ny: = 320: hot atoms fired from 
the oven along the negative x-axis, each arrow represents an individual atom colour coded according 


to the magnitude of its velocity vector. 


Within the ultra-cold atom cooling sequence, the atomic oven acts as the source of atoms. The 
oven typically contains a source material, strontium in the case of AION, which is heated to a high 
temperature such that it emits a vapour of atoms. These vaporised atoms are emitted from an 
aperture following an array of micro-channels which collimate the atoms into a ’beam’. Within the 
simulation, the aperture position Zp, vector defines the point at which a number of atoms Notoms 
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are generated from an aperture of radius rp, and fired along the negative x-axis. Their velocity 
and angular directions are sampled from a v?-Boltzmann and j(@) distribution respectively; the 
former dependent on the oven temperature Ty,en and the latter on the micro-channel radius rm 
and micro-channel length L,,, [16]. 


2.1.3 Dynamics 


The magnetic field is modelled as a 2D quadrupole gradient VB, with a null point at the centre 
that increases linearly with distance from this central point; although the null point may be shifted 
through the presence of a vertical bias field B, [18]. Additionally there are four cooling lasers which 
intersect at the centre, the intensity J;(Z) of an individual beam 7 at position Z# is given by: 


I,(#) = Ipgexp (-%) (1) 


where r is the radial distance from the beam’s axis, w, the waist of the cooling beam and Jp, the 
peak intensity [19] - dependent on the cooling beam power P, by the relation: 


2P; 
loi = 


e) 


(2) 


In AtomECS, the rate R; at which an atom absorbs photons from a laser beam 7 is given by: 


2 


1,(Z)P [2/4 (3) 
Teas 2 0(2, 0, 5,)2 + 12/4 


where J,.4 is the saturation intensity, is the linewidth of the atomic transition, and 6(2, v, 6.) is the 
effective angular detuning [16]. The static baseline detuning of the cooling beam 6, is defined as the 
difference between the angular frequency of the laser light, w,, and the natural angular frequency 
of the atomic transition wo - however due to the Zeeman [20] and Doppler [21] effects 4(z, v, 6.) 
is dependent on both the position 7 and velocity v of the atom respectively. In the presence of a 
magnetic field, the energy levels of the atom are shifted, changing the natural frequency wo - this 
is the Zeeman effect; and so due to the gradient VB, the atom’s position determines the level of 
shift in energy levels [22]. Through the Doppler effect, the motion of an atom relative to the laser 
beams shifts the perceived angular frequency of the light, altering the effective detuning based on 
the atom’s velocity [23]. 

The shift in angular velocity due to both the Zeeman and Doppler effects can put the atom 
into resonance with the detuned beams based on the position and velocity of the atom, therefore 
determining the rate of absorption, R; [24]. When an atom absorbs a photon from the laser beam, 
it receives a momentum kick in the direction of the photon’s propogation, pushing them towards 
the centre of the MOT. Similarly if an already excited atom encounters another photon of the 
same energy, it can be stimulated to emit a photon in the same direction as the incoming photon 
- this process redistributes the atom’s momentum away from the MOT [18]. Atoms in the excited 
state will spontaneously emit photons in a random direction, returning to the ground state and 
providing a momentum kick; however due to random nature the net effect over many emissions is 
isotropic, therefore making the resultant impact of emission of the atom’s trajectory insignificant 
[25]. 

The rate equation is used to describe the population dynamics of atomic states under the 
influence of laser light - in the context of a MOT, it can be used to describe population densities 


R= 


of whether an atom is in the ground state, p,g, or the excited state, pee. The rate equation for 
each state can be expressed as follows: 


Pog = —PggAeg — (= n (Peg = Pee) (4) 


Pee = t+PggAeg + (= n (Pag — Pee) (5) 


where A, is the Einstein A coefficient (rate of spontaneous emission), such that —p,,Ae, and 
+PggAeg represent the decay of atoms from the excited to the ground state and the ground to 
excited state respectively [16]. The rate equations are solved in the limit t + oo to give steady- 
state solutions of the population densities: 


_ i R; 
Pgg = Acq +9 » EE (6) 


Pee=1- Pag (7) 
The average total number of photons absorbed and spontaneously emitted by an atom in a 
given time-step At is equal to: 


N, = At= pggT (8) 


and the expected number of photons scattered by an individual laser beam N; distributed according 
to R;: 
Ri 
N; = =~ N. 9 

with the actual number of photons N; drawn from a Poisson distribution with a mean of N;, taking 
into account the stochastic nature of the scattering process [16]. When an atom absorbs a photon 
from a laser beam, it receives a momentum kick in the direction of the photon’s wave-vector. The 
force due to the absorption of photons from laser beam i during the time-step At is given by: 


e hk, N; 
Fai = 
At 
where fi represents the reduced Planck constant and k; the wave-vector of the beam; Ak; therefore 
representing the momentum of a single photon from laser beam. Similarly, the force from emission 
is given by: 


(10) 


é; (11) 


where €; is a unit vector that points in a random direction [16]. The net force enacted on an 
atom in a time-step At as a result of a collective number of absorptions and emissions can be 
approximated by a single force sampled from a Gaussian distribution with standard deviation: 


(12) 


the simulation updates the atom’s velocity and position vectors with the sampled force using the 
velocity-Verlet algorithm (Ref. [26]), before repeating the process for the next time-step [16]. 


2.1.4 Transmission 


To simulate the transmission of atoms to the 3D MOT, a push beam along the z-axis transfers 
momentum onto cooled atoms trapped in the MOT to ” push” them through the pipe. In a similar 
manner to the momentum transfer in the cooling beams, when the atoms absorb a photon from the 
beam they gain a shift in momentum in the direction of the photon’s propagation before emitting 
it in a random direction - the net result is a shift in momentum in the direction of the beam 
dependent on the push beam power P, and waist wy. To align with a shifted null point in the 
magnetic field under the presence of vertical bias B,, the push beam may be offset distance d,. 
The push beam detuning 4, is typically red-detuned to preferentially interact with atoms moving 
towards the beam due to the Doppler effect, this selective interaction allows the push beam to 
target and slow down faster-moving atoms [24]. At thresholds 7, of 5 mm intervals along the 
z-axis, the atom x and y-axis positions rz, T,, velocity magnitude v, polar angle @ and azimuthal 
angle @ of the velocity trajectory are recorded. The transmission probability P represents the 
percentage of Natoms that reach a given T,. 
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Figure 6: 3D diagrams of simulations Ngtoms = 5 X 10° at: (a) ny = 2560: here some atoms have 
become trapped by the laser and magnetic field configuration and have begun to be pushed by the 
push beam; (b) n, = 3840: the atoms are traversing through the pipe to the 83D MOT. 


2.2 Simulation Parameters 
2.2.1 Constants 


When generating samples from AtomECS, parameters associated with the fundamental design 
of the chamber such as the oven position remain fixed. Similarly by minimising the number of 
parameter relationships within the model down to those feasibly optimisable, its dimensionality 
reduces significantly, therefore also reducing the number of samples necessary to adequately cover 
the parameter space. 


Table 1: Fired simulation parameters with corresponding symbols, values, and units. 


Symbol Parameter Value Units 
Notcies Atoms Generated 5 se008 atoms 
Diep Aperture Position 83, 0, 0 mm 
ieee Aperture Radius 5 mm 
Lie Micro-Channel Length 4.0 mm 
tind Micro-Channel Radius 0.2 mm 
Pes ses Oven Temperature 776 K 
Lippe Pipe Length 70 mm 
pene Pipe Radius Le mm 
Gie Pipe Offset 0 mm 
Daim Simulation Bounds 200, 60,60 mm 
Te Slice Threshold 30 mm 
Ag Time-Step 2.0 jis 
Uber Velocity Cap 230 m/s 


2.2.2 Input Variables (6) 


In total, nine parameters were varied throughout the data sampling process. The ranges were 
chosen based on prior knowledge from manual tuning of the 2D+ MOT and initial test sampling 
of the simulation. 


Table 2: Free simulation parameters with corresponding symbols, units, and range of values 
sampled and modelled in a MOT setup. 


Symbol Parameter Minimum Value Maximum Value Units 
Oc Cooling Beam Detuning -250 0 MHz 
to Cooling Beam Power 50 350 mW 

We Cooling Beam Waist i 15 mm 

dp Push Beam Detuning -350 0 MHz 
ie Push Beam Power 0 20 mW 

Wp Push Beam Waist 0 3 mm 

dy Push Beam Offset 0 5 mm 

VB Quadrupole Gradient 0 100 G/cm 
Bi Vertical Bias Field -20 20 G 


2.2.3 Target Variables (X) 


Although the positions and velocity vectors of each atom are saved at thresholds 7, of 5 mm 
intervals along the pipe, this paper models exclusively the threshold at 7, = 30 mm along the 
z-axis from the origin, effectively the inlet to the pipe. This value was chosen due to uncertainty 
in the modelling of dynamics in the pipe, although the model could easily be retrained on a 
different value of 7,. The target parameters represent the parameters dependent on the varying 
free parameters, with the relationship between the two sets to be modelled. 


Table 3: Target parameters and their corresponding units, recorded at threshold Tz = 30 mm. 


Symbol Parameter Units 
P Transmission Probability 

v Velocity Magnitude m/s 
0 Polar Angle radians 
@ Azimuthal Angle radians 
Tr x-Axis Position mm 
hy y-Axis Position mm 


2.3. Sampling 
2.3.1 Cluster Optimisation 


Operating AtomECS on the scale required to gain a sufficient number of samples to adequately 
cover the parameter space requires the use of high-performance computing (HPC) clusters with 
many instances running in parallel. To operate AtomECS in this manner, the program must be 
adapted to enforce a thread limit, otherwise it will attempt to exceed the quota defined in the 
batch request. Within the raw Rust files, Rayon library is added into the cargo.toml file and the 
number of threads in the pool is limited to 8. For additional libraries, OpenBlas, MKL and OMP, 
the number of threads is similarly constricted to 8. 


2.3.2 Sampling Technique 


Using a lower-discrepency sequence such as Sobol would enable the parameter space to be covered 
more uniformly than a purely random sequence; Sobol sampling outperforms random sampling by 
reducing variance, this is particularly valuable when sampling the simulation’s high-dimensional 
parameter space. Sobol is based on the Van der Corput sequence, a method of generating points 
by reversing the digits of the sequence index in its binary representation (see Ref. [27]), which 
is then amplified to multiple dimensions. This is achieved by combining the binary digits of the 
index with direction vectors that are generated using primitive polynomials over a finite Galois 
field of order 2 [28]. 


2.3.3 Sampling Execution 


The sampling was executed on the Imperial College London HPC clusters with an array of 500 
8 core 4GB memory instances each sampling the simulation in a Sobol Sequence, taking ~ 22 
minutes to complete an individual sample. Each run of the simulation outputs the position and 
velocity vectors of each atom at each At. The sampler processes this data, extracting the vectors 
of each atom as they pass the thresholds 7, at increments of 5 mm along the pipe. An additional 
script compiles and clears any finished instances. In total 2!9 Sobol distributed variations of 0 
samples were taken with in total 2.62 x 10!? atoms generated from the atomic oven, 3.88 x 10° 
vectors recorded for 4.35 x 10° unique atoms. Total computation time ~ 1 x 10” minutes or ~ 20 
years spread across up to 500 concurrent samplers. Sampling scripts are open-sourced on GitHub. 


3 Normalising Flow Bayesian Inference 


To model the atom vectors at the point of transmission (denoted by X, although without including 
P) probabilistic machine learning methods are used. This provides a model that captures the un- 
certainty and variance within the data, providing a probabilistic output rather than a deterministic 
value - essential for sampling a set of atoms for a given 8. Theory on the deterministic methods 
used to model P is available in Appendix A. 


3.1 Conditional Normalising Flows 


The Kullback-Leibler (KL) divergence [29], provides a measure of how one probability distribution 
diverges from another. Minimising the KL divergence is equivalent to maximising the likelihood of 
the observed data under our model, with conditional normalising flows (CNFs) trained to minimise 
the KL divergence through a series of transformations. For a CNF at iteration t the KL divergence 
Dxz is given by: 


Px l(X18) || %IB)) = f v(X|0) tog MEP a (13) 
oo p(X,|8) 
effectively measuring the expected amount of information lost when approximating p(X|@) as the 
model’s density p(X;|9) at iteration t. 

Through a series of K bijective transformations fy,,..., fi, applied to a base distribution 
po(u) (e.g. Figure 7), CNFs [30] model the density of a set of target parameters X dependent 
on input parameters @ as an invertible transformation f, of a sampled vector u from po(u); i.e. 
pe(X|0) = fo(u,@) where u ~ po(u). The invertible nature of f,, and also the differentiability 
of both f, and its inverse f> ! ensures the structure of the probability density is maintained 
during the transformation from one density pz_1(Z,_1|9) to another p;(z,|@) (such that z = u 
and ze = X ); the equation for which can be given by the change of variables formula (Ref [31, 
Ba): 

pe(ZxlO) = De—1 (2x18) [det Jy, (x1, )| (14) 
where J4,, (Zk-1, 9) is the Jacobian - a D x D matrix of all partial derivatives of f,,(Z,—-1, 9); or 
alternatively in terms of the Jacobian of f>"(zx, 8): 


pr(2ul8) = pir (f5, (2018)) [det J,-1(zn, 6)| (15) 
pou) = for (zs) ee (ml) fe ps(as'@) Se (X18) 


Meare 


Figure 7: Diagram illustrating a series of hypothetical transformations f,, being applied to a base 
Gaussian distribution po(u) to result in a model px(X|@). 
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such that the inverse flow es oe = enables any point in the target space to be mapped back 


through to the original sample from the base distribution u. This traceability allows the model to 
correctly adjust pK(X |9) so that the total probability mass remains constant and normalised [33]. 

Within this framework many styles of transformations for normalising flows have been devel- 
oped [34-39], typically involving ” coupling” [35]. A coupling layer partitions z into two parts, the 
“identity” part is unchanged z;, while the other zy», undergoes a transformation. Splines are a 
common example of transformation, in which z;, is divided into several intervals, and within each 
interval a polynomial (often a cubic or quadratic) function is applied - rational splines can also be 
used in this context, where the transformation is defined as a ratio of two polynomial functions. 
This transformation is ”coupled” based on zy, i.e. the specific parameters of the spline y such as 
the locations and shapes of the segments are parameterised by 2; [37]. 


3.2. Data Mollification 


By ’mollifying” the data, i.e. iteratively reducing Gaussian noise e ~ V(0, /) perturbing X, a CNF 
begins by learning a ”smoother” representation of the data, before moving onto a more refined 
representation where it can capture the intricate details - therefore capturing a more global and 
realistic representation of the data. The mollified data X; at iteration t is given by: 


X, = 4X + oye (16) 
where a; and o;, determine the signal-to-noise ratio at t controlled by the noise schedule function 
y(t/T), given by: 


TT 
where T' is the total number of iterations and 7 is a constant controlling the steepness of the 
sigmoid curve. a; and o; are derived from y(t/T) as follows: 


y(t/T) = sigmoid (=) (17) 


o? = »(t/T) (18) 


a= V1-a (19) 


As y(t/T’) decreases, o; decreases, and a; increases, effectively starting with a high noise level and 
gradually reducing to zero as the training progresses [40]. 
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Figure 8: Diagram illustrating a single iteration t such that target distribution p(X |9) is per- 
turbed by noise. A series of hypothetical transformations f,, are applied to a base Gaussian dis- 


tribution po(u) to result in a model of the perturbed data pe( X10). 
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3.2.1 CNF with Pre-Diffusion 


Data mollification in normalising flows, as introduced in (Ref. [40]), deploys a continuous noise 
reduction process. The application of a learning rate scheduler in this setup would require ex- 
tensive tuning with the denoising schedule. Early stopping rounds would also be redundant since 
the denoising schedule is derived from a pre-defined number of epochs 7’. This paper, however, 
introduces CNF with Pre-Diffusion (CNF-PD) in which for an initial set of rounds T, the data is 
mollified according to schedule y(t -T-'), before then a typical CNF training phase with learning 
rate decay and early stopping rounds. A ”pre-diffusion” stage can be introduced to any existing 
CNF without requiring extensive tuning or adjustment, in contrast to continuous mollification. 


4 Diffusion Bayesian Inference 
Score matching, as introduced by Hyvarinen (Ref. [41]), is a method to infer the parameters @ of 


an unnormalised probability density g(X|@). In many statistical or machine learning models, the 
density p(X|@) is often given in terms of a multiplicative normalisation constant 7(@) such that: 


q(X|8) 
6) = 2 
w(x|0) = (20) 
where Z(@) is given by an often analytically intractable integral: 
Z(0) =| q(X|0) dX (21) 
XER” 


making direct computation of the probability density challenging and practically impossible for 
higher dimensions. 

Score matching minimises the expected square distance between the gradient of the log prob- 
ability density Vx log p(X) of the data X and the model’s prediction of the log density gradient 
wit respect to 0, i.e. the model’s prediction of Vx log p(X|@). Since Z7(@) is constant with respect 
to X, it drops out when differentiating, the objective function J(@) is therefore not dependent on 
Z(0): 


1 
10) =5 [px X)IW(%s8) - Vx logp(X)|Pax (22) 
XER" 
such that the estimator of @ is given by 0 = arg ming J (9). Assuming differentiability, through 
partial integration J(@) can be expressed without the non-normalised model (full derivation given 
in Appendix B.1): 


J(@) = i - px(X) d. bore am 5 (X:8)" dX + const. (23) 


In practice, the integral over the data distribution px(X) is often approximated by an empirical 


expectation over the observed data. This gives the empirical version of the objective function: 


n 


F(8) = Exepy y (Ce + SHts0)) 


i=1 


+ const. (24) 


I2 


Upon reformulating the objective function, J(@) now includes the derivative of ~;(X; 0), effec- 
tively the model’s approximation of the z-th diagonal component of the Hessian matrix V% log p(X). 
The summation of each of these points gives the model’s approximation Trace(V x~(X; 6@)) of the 
trace of the Hessian Trace(V% log p(X)), a measure of the total curvature of the log-density with 
respect to X across all dimensions. J(@) can therefore be represented as: 


J(0) = Exnp, | Trace(Vxw(X;0)) +O (5 wi(X; 6) ‘| + const. (25) 


Although a product of the reformulation, this 2nd order term penalises large score functions values 
and stabilises the model. When averaged over the data distribution, this term ensures that the 
model’s parameters @ are adjusted to match the empirical distribution as closely as possible [41]. 

While Hyvarinen score matching aims to minimise an objective function to infer model param- 
eters @, diffusion uses the concept of score matching to infer the parameters y of a neural network 
(i.e., weights and biases); therefore modelling the underlying distribution p(X|@). Diffusion in- 
volves both a forward and reverse process (Figure 9). In the forward process, Gaussian noise is 
iteratively added to X until the distribution is indistinguishable from complete Gaussian noise, 
transforming a complex distribution into a more simple one. The forward process may be modelled 
by an Ito stochastic differential equation as follows: 


where j1(X;,t) represents the drift coefficient that models the deterministic part of the process, 
o(t) is the diffusion coefficient that scales the noise, and dW; denotes the differential of a Wiener 
process (or Brownian motion), which introduces the stochastic component. 


Xo ~ p(X|@) Xr ~ N(0,1) 


Forward Process 


Reverse Process 


Figure 9: Diagram illustrating a hypothetical diffusion process involving: the forward process 
- noise is iteratively added to the target distribution Xo ~ p(X|@) resulting in Gaussian noise 
Xr ~ N(0,1); and the reverse score-matching process where the distribution is iteratively denoised. 


Conversely, the reverse process involves gradually removing the noise, aiming to recover the 
original data distribution from the noisy observations. The score function bo(Xe, t) approximates 
the gradient of the log probability density Vg, log pil X4|Xo) of the noisy data Xx given the clean 
data Xo at each time-step t. A neural network is trained (see Appendix A.2 for theory) to minimise 
the discrepancy between the model’s approximation and the true gradient, with the loss function 
given as: 
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L(9) = Byi.&, [AO [be(Xie) — Ve, town 1%) |] (27 


where X(t) is a weighting function that adjusts the contribution of each time-step to the loss. 

With a model trained on the reverse process, samples can then be generated by recreating that 
reverse process. Starting with X; ~ N(0,1) (a sample drawn from pure Gaussian noise), the 
model iteratively denoises this sample by stepping backwards through time. At each step t, the 
trained neural network estimates the Vol Xt, t), guiding sample generation towards regions of high 
probability. After iterating to t = 0, the resulting Xo represents a sample from the learned data 
distribution [41]. 


4.1 1st Order Diffusion Bayesian Inference 


By integrating a transformer attention mechanism into a diffusion model, MackeLab’s Simformer 
(see Ref. [42]) model encodes dependencies on parameters @ within the diffusion process. The 
condition state Me € {0, 1}4 is a binary variable that determines whether each (X,0) € R? pair at 
each iteration is conditioned. The attention mask MM, is learnt throughout training and influences 
the attention score A by modulating the importance assigned to each variable. The attention 
mechanism, given by: 


A(Q, K,V) = S| softmax (= +M. ) V (28) 
> fh; Vaz A 


computes weighted sums of input values V based on the similarity between query Q and key K 
vector pairs derived from the input data, quantified by the dot product over the dimensionality 
d,. This is then adjusted by M4, representing the learnt importance of the relationship between 
Q and K [43]. Accounting for conditioning, the loss function can be represented as: 


L(y) = Bay, mestko,& Li (a — Me) - [us XM", 2) — Vez, log pi Xi Xo)| a (29) 


[42] however, for simplicity the role of conditioning may be simply denoted by super-script A: 


tale) = By. [MO [A tit) — Vx, los rd XiLXo)| (30 


4.2 2nd Order Diffusion Bayesian Inference 


Although Hyvarinen score matching reformulates the objective function J(@), it does introduce the 
trace of the Hessian, as shown in Equation (25). In reality this is highly computationally expensive 
to compute, however the application of Hutchinson’s estimator has been found to be an efficient 
substitute [44]. 

Hutchinson’s estimator [45] estimates the trace of the hessian matrix H, given by: 


Trace(H) = E, |e” He] (31) 


through the use of a stochastic approximation: 


Trace(H) = E, |e” (f(X +6) — f(X))] (32) 
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effectively perturbing the data with random noise € sampled from a distribution (often Gaussian) 
to provide an estimate of the curvature of the loss landscape, without the need to calculate the 
full Hessian. 

So called 1st order diffusion models include only approximations of the first order gradient, 
however within other domains such as image super-resolution [46] 2nd order information has been 
incorporated into the loss function resulting in more realistic sample generation. By incorporating 
2nd order information into diffusion models, information on the curvature of the log-probability 
density function is introduced. In theory this should lead to a more global representation of the 
underlying distribution, rather than overfitting to local optima. 

This paper introduces 2nd order diffusion Bayesian inference (2ODBI), a Bayesian inference 
model which incorporates 2nd order information into the loss function by approximating the trace 
of the Hessian through Hutchinson’s estimator. In this instance a Rademacher distribution [47, 
48] was chosen due to reduced computational complexity, with the sampled noise added to the 
representation at t and the expectation found naturally through stochastic averaging in the batch 
processing; in the same manner as the expectation in the standard loss function (Equation 30). 

The trace of the hessian for the model’s prediction of the gradient of log probability density at 
iteration t can be estimated by: 


Trace(Vug (Xi, t)) © Ee [e*(ud(X +6, t) — og (%,0))| (33) 


by including this approximation the loss function becomes: 


Laly) = By, [AO 


e Se ak 2 rn x 
va(X.,t) — Ve, log n( Xi) + YE: [eM +6.) — vA(K.,8)) 
(34) 
where ¥ is the 2nd order coefficient, controlling the contribution of the 2nd order information to 
the loss function. 


5 Results 


The unified model AION 2D MOT model is factorised into two subsections, an initial model that 
predicts P for a given @, and a further probabilistic model that generates a number of remaining 
target parameters X equal to a defined Natoms multiplied by P as predicted by the first model. 
The models in this subsection were trained on data taken at a 7, = 30 mm, with the pipe radius 
extended to 7.85 mm. By significantly increasing the proportion of atoms recorded, there is a 
significant increase in the data available for the model to be trained on. By clipping samples 
generated by the unified model, values of rpipe and dpipe may be chosen retrospectively, whilst also 
not limiting the training of the model. For each model, the features were normalised and data 
split into train, test and validation (70%, 15% and 15% of the dataset respectively). Each model 
is open sourced and available on GitHub. 


5.1 Predicting Transmission Probability 


To model P, a boosted decision tree (BDT) [49] and a deep neural network (DNN) [50] were chosen 
due to their capability to capture complex relationships in large datasets. Theory on these models 
is available in Appendix A. 
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5.1.1 Training 


The BDT regression model was trained using the XGBoost Python library (Ref. [51]) with the 
objective to minimise the root mean squared error (RMSE). The model was tuned into a deep 
but regularised model that captures deep relationships between the parameters whilst also being 
conservative when it comes to splitting into a new leaf [49]. The full hyperparameters are denoted 
in Table 8: 


Table 4: BDT model hyperparameters. 


Hyperparameter 
Learning Rate: 0.01 

Max Depth: 12 

L1 Regularisation: 3 
Early Stopping: 20 rounds 


Model optimisation was benchmarked against a ” vanilla” model of 6 max-depth and no regulari- 
sation, the comparison of their loss curves is shown in Figure 10: 


RMSE 


—— Optimised Train RMSE 
—— Optimised Validation RMSE 
Vanilla Train RMSE 
Vanilla Validation RMSE 


— “1 : r . — et 
10° 104 10? 10% 104 
Boosting Rounds 


Figure 10: BDT RMSE loss curve; demonstrating the ”optimised” loss (max depth = 12 and L1 
= 3), toa “vanilla” model (max depth = 6 and L1 = 0). 


The DNN model was built using PyTorch (Ref. [52]) in Python, with the objective to minimise 
the mean squared error (MSE) (within results and figures the RMSE is shown for parity). The 
model architecture and hyperparameters are tabulated in Table 5: 
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Table 5: DNN architecture and hyperparameters. 


Component Parameters 
Model Architecture Input Layer: 9 neurons 
Hidden Layers: 3 (ReLU activation) 
- Layer 1: 128 neurons 
- Layer 2: 64 neurons 
- Layer 3: 32 neurons 
Output Layer: 1 neuron 
Training Optimiser: L-BFGS 
Learning Rate: 0.1 
Max Iterations: 20 
History Size: 20 
Early Stopping: 10 epochs 


An L-BFGS (Ref. [53]) optimiser was found to be marginally superior to an Adam optimiser model 
with a learning rate of 10-3 and exponential decay scheduler with gamma = 0.95. The loss curves 
of each are shown in Figure 11. 


—— L-BFGS Train Loss 
—— L-BFGS Validation Loss 
Adam Train Loss 

Adam Validation Loss 


RMSE 


10-5 4 


L— : — — ; ; 
10° 101 10? 
Epoch 


Figure 11: DNN RMSE loss curve; demonstrating the loss comparison of a model trained with 
L-BFGS and Adam optimisers respectively. 
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5.1.2 Evaluation 


5 x 10-4 
AtomECS 

4x 10-4 

3x 10-4 
Al (BDT) P 

2x 10-4 

de (MHz) P. (mW) We (mm) 6» (MHz) P, (mW) wp (mm) d, (mm) VB (G/cm) B, (G) 

1x 10-4 
AI (DNN) 

0x 10-4 
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Figure 12: Parallel co-ordinate plots of the ground-truth (GT) unseen test data and predicted 
boosted decision tree (BDT) and deep neural network (DNN) values of P (for 3.5 x 10* random 
samples). Colour coded based on P, colour scaling capped at 5 x 10~*. 


From qualitative comparison (Figure 12), the DNN appears to very accurately capture the complex 
relationships between the @ and P, including making accurate predictions of high values. The 
BDT on the other hand, appears to be much more conservative in its predictions and therefore 
fails to accurately capture the complex relationships that lead to high values of P. This is further 
supported by the histogram of P values predicted versus the ground-truth (GT) (Figure 13), which 
shows that the BDT fails to replicate the tail-end of the distribution. From the bin ratio segment 
of the figure, it’s apparent that the BDT is also over-confident in predictions with significant 
residuals, whereas the DNN is capable of providing appropriate uncertainty in these bins. 
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Figure 13: Histogram and bin ratio plot of the ground-truth (GT) unseen test data and predicted 
boosted decision tree (BDT) and deep neural network (DNN) values of P. Shaded areas on the 
ratio plot represent prediction uncertainty. 


The DNN quantitatively outperforms the BDT in terms of both the overall error and the pro- 
portion of variance explained by the model (RMSE and R? score; Table 6). Despite the BDT being 
tuned to capture deeper relationships without over-fitting, BDT’s are typically more conservative 
in their predictions due to prioritising minimising the error in the majority of data points in their 
iterative correction process - therefore neglecting the rare extreme values. DNNs on the other-hand 
learn a global approximation from the entire dataset, therefore more accurately representing the 
full distribution. 


Table 6: Comparison of RMSE, R?, and x? values (as in Figure 13) for BDT and DNN models. 


Model RMSE, R’*t x7J 
BDT (Optimised) 1.33 x 107° 0.901 9.18 
DNN (L-BFGS) 6.14 x 10-® 0.979 0.65 
BDT (Vanilla) 1.84 10-° 0.809 35.45 
DNN (Adam) 6.40 x 10-° 0.977 0.76 


Inaccurate tail-end predictions would likely lead to poor exploration strategies by a RL agent, 
with the agent unlikely to explore high-probability transmission scenarios due to the distorted 
reward landscape - therefore less likely to adapt well following domain transfer. The DNN however 
is mostly successful in mitigating these potential issues by accurately capturing the breadth of the 
distribution. The DNN also captures uncertainty more effectively than the BDT, which could 
potentially be weighted into an RL agent’s learning process. 


5.2 Modelling Vector Distributions 


The remaining target parameters (denoted by X, however now excluding P) will be modelled 
through the use of Bayesian inference methods. This provides a model that captures the uncertainty 


ED 


and variance within the data, providing a probabilistic output rather than a deterministic value. 


5.2.1 Initial Model 


An initial CNF model using the NormFlows (Ref [54]) Python library was developed with archi- 
tecture and hyperparameters defined in Table 7: 


Table 7: CNF architecture and hyperparameters. 


Component 


Parameters 


Flow Architecture 


Transformations: 4 
Type: Coupled Rational Quadratic Spline 
Base Distribution: Diagonal Gaussian 


Neural Architecture 


Hidden Layers: 4 
Units per Layer: 128 


Training Batch Size: 128 
Loss Function: Kullback-Leibler Divergence (KLD) 
Early Stopping: 5 epochs 

Optimiser Type: AdamW 


Initial Learning Rate: 1073 
Weight Decay: 10~° 


Learning Rate Schedule 


Type: Exponential Decay 
Decay Factor: 0.96 per epoch 


A dataset of 10° randomly chosen sets of vectors across all simulations was used to reduce com- 
putational load to feasible levels. The model was trained on transform In(1 + v) rather than v. 
This transforms the target distribution closer to a Gaussian, making the CNF transformations 
much more simple to learn and drastically improving the training. This transformation is reversed 
during sampling. The loss curve for the CNF is shown in Figure 14: 
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Figure 14: Initial CNF model KLD loss curve with learning rate. 
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Although @ for each simulation was sampled from a Sobol sequence (as described in Section 
2.3.2), Figure 12 shows that varying areas of the parameter space result in drastically varying 
quantities of atoms transmitted, and therefore vectors to train a Bayesian inference model on. 
The variance in density of the parameter space can often lead to significant problems in training, 
notably manifold overfitting. Machine learning models typically represent high-dimensional data 
distributions as low-dimensional manifolds embedded in a high-dimensional space; however, the 
true underlying distribution may not be confined to this manifold. Manifold overfitting occurs 
when the model’s posterior distribution over parameters concentrates too strongly around values 
that fit the observed data manifold, rather than capturing the full underlying distribution. In 
regions where the data is sparse, the model may extrapolate the manifold structure from denser 
regions, leading to poor fit and unreliable predictions. This leads to an unrealistic representation 
of the underlying distribution, hampering statistical inference or optimisation methods including 
the pre-training of an RL agent. 
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Figure 15: An area of high density 6. € [Q2], VB © [Q2] (left), compared with manifold overfitting 


in an area of low density 6. € |Q3],VB © [Q4] (right); [Qn] denotes the nth quartile of the 
parameter’s range of values as defined in Section 2.2.2. 


5.2.2 Adaptive Sampling 


To mitigate the skew in the parameter space as a result of varying values of P, an adaptive 
sampling (AS) algorithm is introduced to bolster sparse areas of the data distribution whilst still 
respecting the natural distribution of the parameter space. This prevents manifold overfitting 
to the sparse areas whilst still ensuring the model focuses learning resources on the high-density 
areas, since these are likely to produce the best results for AION. The AS algorithm takes an initial 
"slice” of the dataset, before counting the number of vectors for each unique simulation and the 
proportion of vectors each simulation represents in the total slice. For the target data size (10° 
vectors), it calculates a proportional sample size based on its representation in the full dataset. 
Rows from each simulation are sampled based on the calculated proportion with a minimum of 20 
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and maximum of 500 per simulation. The result (shown in Figure 16) is a more balanced dataset 
that does not entirely distort the natural underlying distribution. 
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Figure 16: Histograms demonstrating the rebalancing of the distributions of 6. (left) and VB 
(right) through AS. Blue/red shading represents an increase/decrease in sample density from the 
natural distribution. 


5.2.3 CNF with Pre-Diffusion 


By adding Gaussian noise to the data, mollification effectively blurs” or smooths the manifold 
structure, preventing the model from fitting too tightly to the specific details. Throughout training 
the noise level is gradually reduced, forcing the model to initially learn broader, more general 
features first. As noise decreases, the model gradually refines its understanding. The changing 
noise levels ensures the model explores a wider range of possible parameter configurations, rather 
than getting stuck in poor local optima that might result from overfitting to the manifold. 

Data mollification in CNFs as introduced in Ref. [40] deploys a continuous denoising process 
and found t = 0.7 to be optimal. The application of a learning rate scheduler in this setup 
would require extensive tuning with the denoising schedule. Early stopping rounds would also be 
redundant since the denoising schedule is derived from a pre-defined number of epochs T. Through 
tuning and experimentation with the values of 7 and 7’, an extensive number of epochs would be 
required to capture the distribution of the AtomECS simulated data to the same degree as the 
initial CNF model. CNF-PD mitigates these issues through an initial ” diffusion” stage where the 
data is denoised with a static learning rate for a number of epochs T’, followed by a typical CNF 
training process with a learning rate scheduler and early stopping rounds. 

A CNF-PD model with a pre-diffusion stage T. = 10 epochs and + = 0.7 was trained on 
both the natural distribution and AS data. After the pre-diffusion stage, exponential decay of the 
learning rate begins by a factor of 0.98 per epoch. The specifications otherwise were the same as 
for the initial model in Section 5.2.1. In Figure 17, the training for the CNF-PD is compared to 
a mollified CNF with T’ = 100 epochs and 7 = 0.7 with otherwise the same architecture. The 
continuous mollification model fails to capture the distribution within the set number of epochs. 
Compared to an almost equivalent standard CNF loss curve (Figure 14), training with CNF-PD 
is significantly smoother, suggesting it may be effective at mitigating manifold overfitting. 
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Figure 17: CNF-PD loss curve T. compared with standard mollification T = 100, each trained 
with adaptive sampling. 


5.2.4 Diffusion Bayesian Inference 


Whereas CNF's involve a series of discrete invertible transformations applied to a base distribution, 
diffusion models learn to denoise data gradually. This allows for ” hierarchical” learning, where the 
model initially learns high-level features before the finer details - therefore preventing overfitting to 
the training data manifold. Similarly, transformers excel at capturing ”long-range” dependencies 
in the data, which could help in learning global structure rather than overfitting to local optima 
in the data manifold. The application of a diffusion model could therefore address the issues with 
the initial model and provide a deeper representation of the relationships in the parameter space. 
The chosen model architecture and hyperparameters (Table 8) aim to capture deep relationships 
within the data, whilst also not being unnecessarily computationally intensive. 

By incorporating 2nd order information into the loss function, 2O0DBI aims to ” ground” the 
training of the model to realistic approximations of the score function. In theory, the result would 
be the prevention of manifold overfitting and a more ”global” and realistic representation of the 
underlying distribution, however even with a reasonably complex structure LODBI isn’t prone to 
overfitting to this dataset (as shown in Figure 18). 2ODBI is a novel and experimental method 
of Bayesian inference, the full possibilities are therefore yet to be explored. On toy data, e.g. the 
SLCP example shown in Appendix B.2, 20DBI has demonstrated a significant regularisation effect 
on an otherwise overfit model. 2ODBI is a method that requires deeper testing and analysis to 
understand fully, perhaps there are strategies involving a low learning rate and the 2nd order term 
that lead to optimal results - however, it’s impossible to judge any kind of impact, at least solely 
from the loss curve for this study. 
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Table 8: Diffusion Bayesian inference model architecture and hyperparameters. 


Component Parameters 
Model Structure Dimension Value: 64 
Dimension ID 64: 
Dimension Condition: 32 
Transformer Architecture Number of Heads: 4 
Number of Layers: 4 
Attention Size: 32 
Widening Factor: 4 
Diffusion Process (VESDE) — T: 1.0 
T min: 10? 
Sigma min: 107° 
Sigma max: 32.0 
Training Epochs: 100 
Steps per Epoch: 5000 
Batch Size: 2048 
Optimiser Adam Optimiser 
Gradient Clipping Norm: 1.0 
Learning Rate (LR) Schedule Linear Warm-Up — Cosine Decay 
Initial LR: 10-+ 
Peak LR: 1073 
Warm-Up Steps: 10000 
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Figure 18: Diffusion Bayesian inference (Simformer) loss curve, showing the original model 
(10DBI) and the inclusion of 2nd order information in the loss function (2ODBI) with y = 10~*. 
Although trained using L2(y), the loss shown for 20DBI excludes the 2nd order term for parity 
with 1ODBI. 
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5.2.5 Evaluation 


The following metrics were chosen to give a holistic and balanced overview of the performance of 
each model: the negative log-likelihood (NLL) a general measure of how well the model fits the 
AtomECS data [55], perplexity a multiplicative transformation of the NLL - therefore sensitive 
to extreme residuals [56], Wasserstein-2 the geometric distance between distributions - or ” work” 
required to transform one to another [57], and C2ST the distinguishability of the predicted data 
from the ground-truth [58, 59]. For C2ST, the AtomECS and model data was merged and a random 
forest binary classifier with 100 estimators was applied trained with the aim of distinguishing 
between the two sets of data. The C2ST score shown in Table 9 represents the accuracy score of 
the classification model. KLD was neglected due to potential bias introduced by being used as the 
loss function for the CNF models. 


Table 9: Comparison of the NLL, perplexity, Wasserstein-2 and C2ST values for each model 
trained on both the natural distribution and an AS sampled dataset. 


Data Model NLL J Perplexity | Wasserstein-2 | C2ST | 


Natural CNF 11.4363 1.0793 0.5743 0.5082 
Natural CNF-PD 11.4354 1.0785 0.5748 0.5077 
Natural 1ODBI 11.4336 1.0903 0.5747 0.5229 
Natural 2ODBI 11.4336 1.0893 0.5744 0.5266 
Adaptive CNF 11.5695 1.0841 0.5791 0.5137 
Adaptive CNF-PD 11.5695 1.0841 0.5723 0.5082 
Adaptive 1ODBI 11.5685 1.0956 0.5711 0.5000 
Adaptive 2ODBI 11.5684 1.0956 0.5714 0.5004 


Seemingly, the AS on the whole had either a neutral or negative impact on each model. How- 
ever, due to the significant imbalance of the natural distribution these models may instead be 
heavily biased towards high density regions, therefore minimising loss without giving a global rep- 
resentation of the parameter space. From the metrics shown, there is no significant distinction 
between LODBI and 2ODBI, although both models trained on the adaptive dataset were near 
indistinguishable from AtomECS by the classifier. The lower NLL but higher perplexity score 
suggests however that although the diffusion models were on average a better representation of 
AtomECS, there were more significant outliers within the predictions - perplexity being a multi- 
plicative metric compared to additive NLL. In order to deeply analyse the impact of these models 
on manifold overfitting, each input parameter was divided into quartiles [Qn] based on their range 
as defined in Section 2.2.2. Figure 19 shows histograms/box-plots of the y? values calculated for 
each permuation of quartiles, with the full set of values available in Appendix C. 

The effect of the ”pre-diffusion” stage on the CNF is immediately apparent from Figure 19, 
causing a highly significant shift in the distribution of y? values across the parameter space - sug- 
gesting the introduction of the ” pre-diffusion” stage to be highly effective in mitigating manifold 
overfitting. The use of adaptive sampling also had a significant impact on the CNF, reducing 
manifold overfitting fairly although not as effectively as the introduction of the ” pre-diffusion” 
stage. Curiously, CNF-PD seemed to be less prone to manifold overfitting on the natural distri- 
bution as opposed to the adaptive sampling dataset, with less outliers also. Table 10 shows that 
2ODBI has a marginally lower mean y? and each quartile than 1ODBI, however not to the point 
of major significance. 2ODBI was however able to achieve a significantly lower \? value in certain 
select areas of the parameter space, including a significantly lower minimum. The maximum y? 
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for 2ODBI is also higher than 1ODBI, suggesting a higher range in modelling efficacy based on 
area of the parameter space. 
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Figure 19: x? histograms and box plots for each model trained on the natural distribution (left) 


and AS sampled data (right). 


Table 10: y? distribution statistics. Qos, Qso and Q75 represent the box plot boundaries (25th 
percentile, median and 75th percentile respectively). 


Data Model [x2 O72 Min Qos Qs0 Q75 Max 
Natural CNF 1.2295 0.5028 0.2461 0.8652 1.1105 1.5066 4.2493 
Natural CNF-PD 1.0177 0.2950 0.1922 0.8097 0.9841 1.1997 2.2068 
Natural 1ODBI = 0.9334 0.2684 0.2257 0.7437 0.9090 1.0978 2.2820 
Natural 2ODBI — 0.9255 0.2658 0.1832 0.7362 0.9013 1.0863 2.3343 
Adaptive CNF 1.1014 0.3987 0.2741 0.8320 1.0292 1.2925 4.3282 
Adaptive CNF-PD 1.0433 0.3169 0.2864 0.8281 1.0075 1.2206 3.0718 
Adaptive 1ODBI = 0.9778 0.2886 0.2778 0.7714 0.9476 1.1564 2.1058 
Adaptive 2ODBI 0.9727 0.2840 0.2188 0.7683 0.9452 1.1409 2.3238 


By bolstering samples taken from simulations that transmit fewer atoms, the distribution of 
certain areas of the parameter space can be reshaped significantly, an extreme example shown 
in row 1 of Figure 20. This can prevent manifold overfitting in areas of low density, however 
could potentially introduce bias itself due to the distortion of the underlying distribution. Figure 
20 illustrates examples of the CNF performing better on the adaptive data compared to the 
natural distribution, and also the significant impact of CNF-PD in preventing manifold overfitting 
in areas of low density. However when these areas are rebalanced through adaptive sampling, 
CNF-PD performs significantly worse than on the natural distribution. 1ODBI in each of these 
examples provide generally a better fit to the data than the CNF models, the performance of 
2ODBI compared to other models seems to fluctuate quite heavily. 
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Natural Distribution Adaptive Sampling 
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Figure 20: Histogram and bin ratio plots of two slices of the distribution: top d. € [Q3],VB € 
[(Q4]; bottom w, € [Q3], VB € [Q3]. Trained and evaluated on the natural distribution (left) and 
AS sampled data (right). 
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Exploring areas of extreme low x? values for 2ODBI, particularly compared to 1ODBI, (ex- 
amples shown in Figure 21), 20DBI does appear to be effective at accurately capturing the rare 
observations at the extreme tail-end of the distribution with often reduced uncertainty. It is vital 
however to be considerate of confirmation bias with such an experimental technique, its usage 
should therefore warrant additional scrutiny. The results obtained for 2ODBI aren’t significant 
enough for AION, and the use of a model not thoroughly reviewed could pose the risk of introducing 
uncertainty and bias into the final model. 2ODBI does however show some promise, particularly 
on toy data (Appendix B.2), and is a technique that should be explored in greater detail. 


x08 dc € [Q2], VB € [Q3] 108 dc € [Q4], VB € [Q3] 
[= AtomEcs [3 AtomEcs 
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Figure 21: Histogram and bin ratio plots showing two slices, 6. € [|Q3],VB © |Q4] (left), and 
de € [Q4], VB € [Q3] (right), where 2ODBI performs significantly better than 1ODBI. 


Although models have demonstrated capability to accurately capture the global distribution 
of the AtomECS, particularly those involving or influenced by diffusion, the true accuracy of 
the model is limited by the accuracy of AtomECS in relation to the real cooling sequence. As 
discussed in the introduction to Section 2.1, particle interactions and the broadening effect are not 
currently modelled. With real experimental data the model built here could be calibrated to real 


cooling sequence, therefore replicating the real relationships between parameters rather than those 
in AtomECS. 


5.3 Unified Model Optimisation Example 


An example here is given of the inference that can be obtained from the complete simulation. Here 
the DNN trained in Section 5.1 predicts P, a set of vectors is then sampled from the probabilistic 
model, for this example the CNF-PD trained on the natural distribution is used. The percentage 
of vectors within the pipe dimensions as defined by rpipe and dpipe is multiplied by the original P 
to give the probability of an atom reaching the true transmission threshold Ppipe. 

This model takes ® 3 ms to create sample a vector on a Nvidia RTX 3080 GPU, with the 
total simulation time therefore highly dependent on 8. From Figure 12 we can infer that a highly 
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successful @ would give P © 5 x 107+. For Natoms = 5 X 10°, as used in the AtomECS sampling, 
this would result in 2.5 x 10° vectors sampled, giving us a conservative estimate of & 7.5 s per 
simulation run. The equivalent AtomECS sample time is © 22 minutes (Section 2.3.3), resulting 
in an AI model speed-up factor of © 175x without any optimisation. This efficiency enables the 
application of optimisation techniques that wouldn’t be as easily applicable to AtomECS. 

Here we apply Bayesian optimisation (Ref. [60]) to the unified model, in which the objective 
function minimised is dependent on Ppipe, the average sample atom velocity v and the standard 
deviation of displacement from the z-axis o7, the aim being to find @ that results in a large number 
of slow moving collimated atoms transmitted from the 2D MOT; these characteristics making 
atoms more likely to be trapped by the following stages of the cooling process. The objective 
function J, is given by: 


= Natenie) wine 
kyo + koa 
where k, and kg are coefficients controlling the contribution of 0 and o; respectively. A multiplica- 
tive rather than additive objective function was chosen such that the properties of the transmitted 
atoms act as a scaling factor to the transmission count. An additive objective function would also 
be well motivated. 

In this instance Natoms was set to 5 x 10° as used in AtomECS sampling resulting in N domak pine 
vectors sampled from the CNF-PD model. k, and kz were set to 0.25 and 1.1 respectively and 
Bayesian optimisation was ran using the HyperOpt (Ref. [61]) library for 1000 iterations. The top 
results are given in Table 11: 


(35) 


T 


Rank| 06, P22 We Op Ph Wp dp VB B,| Ppoipe VU oF Jr 

(MHz) (mW) (mm) (MHz) (mW) (mm) (mm) (G/em) (G) | (x107%) (m/s) (mm) (x 103) 
1 -146.44 304.79 11.33 -260.07 2.30 8.01 1.98 27.11 0.16} 0.26 9.08 0.36 0.49 
2 -139.22 316.48 11.384-294.06 2.51 8.64 2.04 25.84 -2.44) 0.25 10.29 0.35 0.41 
3 | -180.66 340.39 12.50 -287.02 1.55 7.27 2.51 32.26 0.07} 0.19 9.32 0.37 0.34 
4 -116.44 210.93 8.95 -176.23 3.81 6.71 2.61 26.35 -0.14) 0.15 7.55 0.34 0.32 
5 -112.10 334.36 8.47 -181.94 2.92 12.66 2.38 28.24 -1.30} 0.25 13.84 0.35 0.32 
6 | -109.83 325.69 11.12 -176.36 3.01 12.69 2.06 18.65 -1.80) 0.31 17.67 0.34 0.32 
7 | -180.39 337.92 11.92 -346.66 1.76 7.20 2.53 31.39 0.09} 0.14 7.27 0.36 0.30 
8 -110.94 301.42 9.53 -189.55 3.00 10.95 2.40 26.47 -1.19} 0.22 13.01 0.35 0.30 
9 -119.46 251.06 9.25 -145.26 3.17 13.33 2.74 28.34 -2.54) 0.24 14.83 0.35 0.29 
10 -90.73 326.33 10.59 -189.92 2.96 11.18 1.94 15.23 0.73} 0.18 11.22 0.35 0.28 


Table 11: Rank of the top 10 sets of input parameters 0 found through Bayesian optimisation, 
with their optimised characteristics (Ppipe, 0, a7) and value of the objective function J,. 


The results shown in Table 11 suggest that the objective function used is effective at balancing both 
Poipe and v, although of doesn’t tend to vary much between runs. Most significantly, however, 
it demonstrates the insights that can be gained from an accurate AI model of AION’s cooling 
process. 


5.3.1 Sensitivity Analysis 


As a demonstration of sensitivity analysis, the top ranked set of parameters from Table 11 was 
used as a benchmark and the average Ppipe, U, 7, J; over 10 executions found. Each parameter 
6 was then iterated 45% of its range as defined in Section 2.2.3, with the objective metrics then 
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averaged at this ” perturbed” point. Figure 22 shows the range of percentage shifts in each of these 
objective metrics as a result of the shifts in each parameter value. 
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Figure 22: Error bar plot showing the percentage shift (A%) in Ppipe, 0, o7 and J, as a result of 
minor shifts in the input parameters. 


Even with a simple example inference into the reaction caused by small shifts in the input 
parameters on this locality is immediately apparent. For example P,,;,- in this local region is most 
sensitive to small changes in VB, however VB does not influence 0 as much as 6,. More advanced 
global methods would be the rational next-step; the Sobol’ indices method (Ref. [62]) for example 
quantifies how much each variable and its combinations contribute to the overall variance of the 
model. 


6 Conclusion 


The dynamics and relationships between parameters within AtomECS have been accurately mod- 
elled by the AI methods in this paper with a significant degree of confidence. The DNN in Section 
5.1 is capable of accurately predicting the probability of transmission, and therefore vectors to 
be generated by the probabilistic model. A range of probabilistic methods were studied, a well- 
tuned CNF gave an impressive NLL, however resulted in significant manifold overfitting in areas 
of the parameter space that transmit fewer atoms. Rebalancing the distribution through adaptive 
sampling led to an improvement, however this was eclipsed by the use of diffusion based Bayesian 
inference and diffusion inspired adjustments to the CNF. 

In as few as 10 ’ diffusion” rounds, CNF-PD drastically reduced manifold overfitting in the CNF, 
significantly narrowing the range of y? values across slices of the distribution. The use of diffusion- 
based Bayesian inference with an attention-based conditioning mechanism had a similar but slightly 
greater effect. By initially learning a ”smooth” representation of the data, diffusion models (and 
CNF-PD) begin by learning the high-level details, with finer details gradually introduced into 
training. This encourages the model to avoid overfitting to manifolds in the early rounds and 
instead learn a global representation of the data. 

The introduction of a 2nd order approximation to diffusion Bayesian inference, as applied to 
diffusion models in other domains, was found to significantly prevent overfitting on toy data, 
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however when applied to the dataset had a somewhat insignificant impact; likely due to the Ist 
order model not being prone to overfitting. In a few areas of the parameter space, particularly in 
the tail-ends, 2ODBI seemed to perform best suggesting it to be effective in accurately generating 
rare outcomes. A novel experimental method such as this requires much more extensive scrutiny 
before it can be recommended with any form of confidence, particularly due to confirmation bias. 

By developing a globally accurate model of the parameter space, rather than one biased towards 
areas with high transmission probability, a model was developed that was shown to provide effective 
and reliable inference through optimisation techniques and analyses - with a simple Bayesian 
optimisation and sensitivity analysis example provided. Similarly when combined with the other 
simulated chambers the model will enable a RL agent to explore an environment and reward 
landscape accurate to AtomECS. As it stands, the model is limited by the accuracy of the AtomECS 
simulation to the real sequence; the lack of broadening factor for example is a source of uncertainty 
in the accuracy of the simulation. This could however be mitigated through calibration with 
experimental data. 

This paper provides a comprehensive review of the methodology in modelling a 2D MOT, with 
the same methods also applicable to the later stages of the sequence - or even an improved or mod- 
ified 2D MOT. Two novel methods have been introduced, with CNF-PD significantly mitigating 
the manifold overfitting apparent when training on the natural distribution of transmitted atoms. 
2ODBI has shown some promise, however requires a deeper more extensive review and is therefore 
at this stage not recommended. On the whole, the application of diffusion and diffusion inspired 
processes shows significant promise in Bayesian inference and has taken AION a step closer to an 
optimised cooling process for atom interferometry. 
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A Deterministic Prediction Methods 


The overall model will be split into two distinct sections, a model that predicts P for a given 0, 
and a further probabilistic model that generates a number of remaining target parameters X equal 
to a defined number of atoms Nogtoms; multiplied by P as predicted by the first model. To model 
P, a boosted decision tree (BDT) [49] and a deep neural network (DNN) [50] were chosen due to 
their capability to capture complex relationships in large datasets. 


A.1 Boosted Decision Trees 


Decision trees are a class of supervised learning algorithm consisting of nodes representing decision 
points, edges representing the outcomes of decisions, and leaf nodes representing the final predic- 
tions. During training, the tree is constructed by splitting the data at each node based on the value 
of an input variable 0, the goal being to choose splits that best separate the data according to X; 
in classification the criteria is typically the Gini impurity and variance reduction for regression. 
Once the data is split until a condition is met e.g. maximum depth or samples per leaf, the nodes 
at the end of each branch become leaf nodes which hold the predicted output [63]. 

To make a prediction, an individual data point is passed through the tree from the root to a 
leaf node, following the decision rules at each node. By ”boosting” a decision tree, i.e. training 
multiple models sequentially, the performance can be improved significantly. In gradient boosting, 
an additional tree is fitted to train the residuals from the previous, learning the direction in which 
the predictions should be adjusted to minimise the loss function. The predictions are updated 
by adding the predictions from the new tree, scaled by a learning rate [64]. Extreme gradient 
boosting (XGBoost) [49] provides a number of further enhancements, including regularisation, 
enhanced tree pruning, and parallel processing, making XGBoost more effective on large datasets 
than typical BDTs. 


A.2 Deep Neural Networks 


DNNs consist of multiple layers of interconnected nodes known as neurons, typically an input layer, 
multiple hidden layers and an output layer, transforming the input data into increasingly abstract 
representations. For a given layer 1, the output a! of the neurons is computed as follows: 


al = 0(W'a'! +b’) (36) 
where W! is the weight matrix connecting layer /—1 to layer J, a'~! is the output from the previous 
layer, b! is the bias vector for the current layer, and a is the non-linear activation function. Rectified 
linear unit (ReLU) activation o(z) = max(0,x) being a common example. By applying a non- 
linear activation in a ”deep” multi-layer architecture, the model can hierarchically learn complex 
non-linear relationships within the data. 

DNNs learn through gradient descent, the gradient of the loss function with respect to the 
network’s weights and biases are found and updated in the opposite direction of the gradient to 
reduce loss. The weight update rule for a given weight w at layer J is: 


OL 


where 77 is the learning rate, determining the step size, which is multiplied by the gradient of the 
loss function with respect to the weight Wh. The gradient is computed using backpropagation, this 


36 


involves a forward pass where the predicted output X and resultant loss LX, x ) are found by 
propagating the input through the network, and a backward pass where the error from the output 
layer is propagated back through the network to compute the gradient of the loss with respect to 
each weight [50]. 
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B_ Diffusion Bayesian Inference 


B.1 Derivation of the Score Matching Objective 


We start with the original score matching objective function: 


1 
H0)=5 f _ px(X)W(X:8) — Vs log p(X) Pax (38) 
Expanding the squared norm: 
1 
10) = 5 f _ px(X) [WX 0)? — 20(Xs6)" Vx log p(X) + [Vx logr(X)F] aX (39) 


The third term involving ||V x log p(X)||? is independent of 0, so it can be ignored for the pur- 
pose of optimisation. The second term, —2 f px(X)w(X;0)' Vx log p(X)dX, is simplified using 
integration by parts: 
“Ot; (X; 0) 
- X)VxU(X;0)dX = X)> dx 40 
[ excoviweax = f px DAES (40) 


i=1 


Substituting back, the reformulated score matching objective becomes: 


J(0) = = px(X) Ss" Pa 2) 50:8) dX + const. (41) 


i=1 


This final expression eliminates the need for the empirical score function. 
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B.2 SLCP Dataset Loss Curve 


—— 20DBI Train Loss 
2.9 x 102 —— 20DBI Validation Loss 
1ODBI Train Loss 
1ODBI Validation Loss 


2.3 x 10? 


2.2 102 +— T : - - — - : ~ 
10° 104 10° 
Iteration 


Figure 23: Diffusion Bayesian inference (Simformer) loss curve trained on the SLCP. dataset, 
showing the original model (1ODBI) and the inclusion of 2nd order information in the loss function 
(2ODBI). Although trained using Lo(p), the loss shown for 2ODBI excludes the 2nd order term 
for parity with 1ODBI. 


The 2nd order approximation in this instance was incorporated into the Simformer [42] bench- 
marking framework, rather than as a stand alone script. The training is therefore slightly different 
than from the example in the main script, most notably the prescense of iterations rather than 
epochs. This model was trained to model both the posterior and likelihood through a fluctuating 
condition mask and trained on 104 generated samples of the SLCP dataset (Ref. [65]). For 2ODBI, 
y= 108, 
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C Parameter Quartile 7 Values 


C.1 CNF 
C.1.1 Natural Distribution 


Qi] @2)] a) Qi] aqiy @) @ q@ QT OQry a2) OFT OTP ary QF] G37 OTP Oly a2] OF 7 OF] Ory ar] OF 
Oc Q1 | 0.85 | 1.03 | 1.25 | 0.57 | 0.65 | 1.54 | 0.64 0.76 1.26 | 0.68 | 0.70 | 1.29 | 0.87 | 0.99 | 0.85 | 0.49 | 1.01 | 0.90 | 1.01 | 0.82 | 0.93 | 0.88 0.66 
Q2 | 1.04 | 0.83 | 1.20 | 0.87 | 0.82 | 1.21 | 0.65 1.08 1.11 | 1.33 | 0.98 | 1.20 | 1.05 | 0.97 | 0.94 | 0.76 | 0.78 | 1.08 | 0.76 | 1.31 | 0.94 | 0.79 0.68 
Q3 | 1.02 | 1.25 | 0.89 | 1.22 | 0.74 | 1.12 | 0.92 1.54 1.63 | 0.83 | 1.18 | 0.87 | 0.54 | 0.98 | 0.94 | 1.00 | 1.06 | 1.73 | 1.16 | 0.75 | 1.04 | 1.14 0.92 
Q4 | 0.83 | 1.09 | 1.11 | 1.64 | 0.92 | 0.92 | 1.01 1.16 0.89 | 0.73 | 1.08 | 1.00 | 0.87 | 0.76 | 1.02 | 1.33 | 1.47 | 0.70 | 0.97 | 1.00 | 0.79 | 0.82 0.87 
P,; Ql - - - - 0.59 | 1.13 | 0.78 0.79 1.67 | 1.22 | 0.91 | 1.20 | 0.73 | 0.99 | 0.51 | 1.31 | 1.52 | 1.19 | 0.97 | 0.61 | 0.74 | 0.92 0.66 
Q2 - - - - 0.99 | 0.86 | 0.84 | 0.83 | 1.00 | 0.66 0.66 | 1.55 | 0.81 | 0.75 | 0.72 | 1.36 | 0.79 | 1.11 ] 0.67 | 0.76 | 0.75 | 0.79 | 0.76 | 1.37 0.54 
Q3 - - - - 0.94 | 1.55 | 0.66 | 0.66 | 1.05 | 1.40 1.26 | 0.69 | 0.87 | 0.82 | 1.02 | 0.98 | 1.01 ] 1.06 | 0.50 | 0.74 | 1.09 | 0.82 | 1.56 | 0.98 1.25 
Q4 - - - - 0.76 | 1.01 | 1.07 ] 1.06 | 0.71 | 1.34 0.75 | 1.01 | 1.14 | 1.03 | 0.77 | 0.70 | 0.60 | 0.97 | 0.91 | 1.67 | 0.75 | 0.83 | 1.11 | 1.04 | 1.32 | 0.59 
We Ql - - - - - - - - 0.96 | 0.88 0.76 | 0.82 | 0.80 | 0.86 | 0.96 | 0.76 | 0.75 | 0.88 | 0.62 | 1.09 | 0.68 | 0.86 | 1.44 | 0.70 | 1.15 | 0.79 
Q2 - - - - - - - - 1.07 | 1.28 1.46 | 1.47 | 0.83 | 0.96 | 1.06 | 1.02 | 1.60 | 0.89 | 1.41 | 1.16 | 0.82 | 0.96 | 1.28 | 0.62 | 1.04 | 1.09 
Q3 - - - - - - - - 0.67 | 1.73 0.79 | 0.87 | 1.24 | 0.82 | 0.64 | 1.12 | 0.86 | 0.76 | 1.04 | 0.73 | 0.41 | 0.73 | 1.29 | 1.17 | 0.73 | 0.60 
Q4 - - - - - - - - 0.81 | 0.85 1.37 | 0.78 | 1.32 | 1.21 | 1.05 | 1.12 | 0.90 | 0.85 | 1.39 | 1.31 | 0.87 | 0.93 | 0.98 | 1.06 | 1.00 | 1.32 
op Ql - - - - - - - - - - 0.38 | 0.96 | 0.87 | 0.71 | 0.77 | 0.67 | 0.95 | 1.05 | 0.60 | 0.83 | 0.80 | 0.76 | 0.93 | 0.92 | 0.91 | 1.22 
Q2 - - - - - - - - - - 0.88 ] 1.12 ] 0.85 | 1.12 | 0.87 | 1.13 | 0.78 | 1.41] 1.25 | 1.84 | 0.79 | 0.88 | 1.26 | 1.28 | 0.61 | 1.69 
Q3 - - - - - - - - - - 0.86 ] 1.20 | 0.94 | 0.74 | 0.66 | 0.98 | 0.73 | 1.30 ] 0.64 | 1.57 | 0.84 | 0.84 | 1.52 | 1.23 | 0.87 | 0.70 
Q4 - - - - - - - - - - 1.65 | 0.90 | 0.68 | 1.21 | 1.21 | 1.30 | 1.14] 1.17] 1.20 | 1.32 | 0.75 |] 1.32 | 0.65 | 1.14 | 1.59 | 0.76 
P, {Ql - - - - - - - - - - - - - - - - 0.59 | 0.84 | 0.32 | 0.81 | 0.73 | 0.64 | 0.75 | 0.73 | 0.96 | 0.42 | 0.53 | 0.93 | 1.13 | 0.81 | 0.71 
Q2 - - - - - - - - - - - - - - - - 0.76 | 1.06 | 0.86 | 0.49 | 1.78 | 1.23 | 1.02 | 0.53 | 0.88 | 0.75 | 1.10 | 0.67 | 0.52 | 1.17 | 1.05 
Q3 - - - - - - - - - - - - - - - - 1.13 | 0.75 | 0.71 | 0.95 | 0.61 | 0.75 | 0.83 | 0.95 | 0.64 | 0.65 | 0.88 | 0.95 | 1.26 | 0.98 | 0.97 
Q4 - - - - - - - - - - - - - - - - 1.46 | 0.86 | 1.13 | 0.76 | 0.62 | 1.09 | 0.85 | 1.68 | 1.14 | 0.82 | 1.20 | 1.27 | 0.89 | 2.03 | 1.15 
wp | QL - - - - - - - - - - - - - - - - - - - - 0.99 | 0.52 | 0.94 | 0.98 | 0.92 | 1.06 | 0.96 | 0.68 | 1.04 | 1.20 | 0.83 
Q2 - - - - - - - - - - - - - - - - - - - - 0.90 | 0.51 | 0.83 | 1.17 | 1.43 | 0.88 | 1.50 | 0.89 | 1.27 | 0.76 | 1.26 
Q3 - - - - - - - - - - - - - - - - - - - - 0.61 | 0.93 | 1.40 | 1.08 | 0.97 | 1.38 | 0.82 | 1.09 | 1.11 | 1.36 | 0.60 
Qt - - - - - - - - - - - = - - - - - - - - 0.92 | 0.79 | 0.62 | 0.57 | 0.82 | 0.55 | 0.62 | 1.09 | 0.62 | 0.71 | 1.07 
dp Ql - - - - - - - - - - - - - - - - - - - - - - - - 1.17 | 0.69 | 1.12 | 1.29 | 0.99 | 0.70 | 0.66 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - 1.05 | 0.55 | 0.50 | 1.15 | 0.56 ] 0.91 | 0.67 
Q3 - - - - - - - - - - - - - - - - - - - - - - - - 0.93 | 0.83 | 1.04 | 0.68 | 1.24 | 1.07 | 0.84 
Q4 - - - - - - - - - - - - - - - - - - - - - - - - 1.19 | 0.77 | 1.61 | 0.89 ] 0.78 | 1.31 | 0.74 
VB]Q1 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1.34 | 0.55 | 1.29 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.74 | 1.09 | 0.45 
Q3 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.99 | 0.94 | 0.88 
Q4 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.85 | 1.07 | 0.88 
= ; ae 
Table 12: CNF y? values for 7, across parameter quartile combinations. 
P, We op P, VB 
QI | Q2 7 Q3 J] Q4 7 QI | Q2 7 Q3 J Q4] QI | Q2 J Q3 7] Q4 | QI ] Q2 J] Q3 |] Q4 Q3 
Oc Q1 | 1.85 | 1.32 | 1.52 | 1.40 | 1.52 | 1.79 | 1.41 | 1.57 | 2.78 | 1.92 | 1.86 | 0.99 | 1.70 | 2.00 | 1.59 | 1.97 1.69 
Q2 | 1.99 | 1.18 | 1.77 | 1.87 | 2.38 | 1.81 | 1.14 | 1.99 | 1.56 | 1.72 | 1.78 | 1.76 | 1.52 | 1.14 | 2.42 | 1.31 1.29 
Q3 | 1.89 | 1.54 | 1.24 | 1.18 | 1.15 | 1.74 | 1.56 | 1.76 | 1.38 | 1.43 | 1.74 | 1.80 | 1.03 | 2.56 | 1.39 | 1.15 1.20 
Q4 | 1.37 | 1.97 | 1.01 | 1.06 | 0.88 | 1.03 | 1.70 | 1.01 | 0.91 | 1.13 | 0.92 | 1.43 | 1.68 | 0.84 | 1.58 | 1.48 1.15 
P, Ql - - - - 2.18 | 2.09 | 0.91 | 1.25 | 1.39 | 1.52 | 1.62 | 1.97 | 1.59 | 2.17 | 2.21 | 0.97 1.70 
Q2 - - - - 1.61 | 1.49 | 1.60 | 2.38 | 2.06 | 1.17 | 1.74 | 1.50 | 1.59 | 1.67 | 1.60 | 1.56 1.65 
Q3 - - - - 1.10] 1.19 | 1.14] 1.70 | 1.11 | 0.77 | 1.88 | 1.17 | 1.11 | 1.61 | 1.66 ] 1.61 0.83 
Q4 - - - - 1.06 | 1.90 | 1.05 | 1.06 | 1.30 | 1.81 ] 1.18 | 1.00 | 1.48 | 1.10 | 1.06 | 1.76 0.80 
We Ql - - - - - - - - 1.33 | 1.00 | 1.17 | 1.75 | 1.59 | 0.91 | 1.23 | 1.51 1.39 
Q2 - - - - - - - - 2.06 | 1.58 | 2.36 | 1.35 | 1.69 | 1.07 | 2.46 | 1.14 1.12 
Q3 - - - - - - - - 1.35 | 0.97 | 1.60 | 1.27 | 0.97 | 2.16 | 1.76 | 1.73 1.85 
Q4 - - - - - - - - 1.16 | 1.74 | 1.44 | 1.35 | 2.00 | 1.45 | 1.36 | 1.06 0.93 
op Ql - - - - - - - - - - - - 1.43 | 1.12 | 1.60 | 1.70 1.65 
Q2 - - - - - - - - - - - - 0.93 | 1.00 ] 1.73 | 1.97 1.59 
Q3 - - - - - - - - - - - - 1.27 | 1.19 | 2.12 | 1.23 2.65 
Q4 - - - - - - - - - - - - 2.03 | 1.66 | 1.42 | 1.14 1.16 
P, [Qil_- | - z ri : 5 : : : ota es af. eal” Maal er Ol ea) eS T.33 
Q2i). => z z 5 z : ‘ =) =, | = [=| 2. | 2el ce 0.04 
a3] - = z zs 2 z 2 : : = S = = = = = T31 
O4,)-e (fe z 2 ; z = : Ss eee ee 212 
w {Qi} - | - ‘ 2 z 5 B : : a le ea eae Seine 2.14 
2] cer alr 2 z zi Z z : oa ae esa ee ed L77 
O34) aot irae 3 : - - 2 = Nise Prectlasal ss leat 0.74 
Qalos be & 5 : = E : = me ces | eral cel] ety |e oe T13 
dps (QU =v = 7 7 : : zi = ge est AclaPr|( fe t||eent | so" os 2.37 
Q2) 22) = E 2 7 2 - : z aya (ee oe ee ee ee T12 
Q3: eae 5 7 : 2 : = as ae cc oe od T.10 
Qasr lee zs 7 = = 7 a me. |Taala || aa eed ees | hs T3d 
VBTQily- |- z = 2 z : : a a a a z E = z : 5 : a ne a a 


Table 13: 


CNF x? values for 7, across parameter quartile combinations. 
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P; We op P, Wp d, B, 
Q)Q?] a) a] ary @y)] ay) ary ary qQ2] @)aryPaqry @)] @yarraQry @)] By aq; ary @] @ QrTaQry Q2] a3) Qi 
Oc Q1 | 0.80 | 1.23 | 0.86 | 0.64 | 1.17 | 0.92 | 1.37 | 1.04 | 1.15 | 1.24 | 0.60 | 0.78 | 0.81 | 0.97 | 1.09 | 1.20 | 1.34 | 1.28 | 1.38 | 0.81 | 1.66 | 1.73 | 1.02 0.92 | 0.58 | 0.98 | 0.97 | 0.94 
Q2 | 0.80 | 0.64 | 0.72 | 0.71 | 1.04 | 1.14 | 1.22 | 0.83 | 0.70 | 0.48 | 0.87 | 0.80 | 0.95 | 0.65 | 0.71 | 1.17 | 0.72 | 0.79 57 | 0.66 | 0.71 | 0.70 | 0.48 0.72 | 1.02 | 1.15 | 1.02 | 1.08 
Q3 | 0.81 | 0.49 | 0.86 | 0.65 | 1.00 | 0.63 | 1.05 | 0.84 | 1.24 | 1.00 | 0.72 | 0.79 | 1.05 | 0.80 | 1.07 | 0.97 | 1.26 | 1.04 | 0.75 | 0.79 | 0.69 | 0.94 | 0.79 1.33 | 1.49 | 0.63 | 0.57 | 0.94 
Q4 | 0.83 | 0.72 | 0.76 | 0.47 | 0.95 | 0.82 | 1.03 | 0.90 | 0.89 | 1.18 | 1.16 | 1.43 | 1.14 | 0.83 | 0.67 | 0.98 | 1.03 | 0.96 | 0.84 | 1.11 | 1.22] 1.14 | 1.17 0.92 | 1.35 | 0.74 | 0.90 | 0.88 
P, Ql - - - - 0.75 | 0.54 | 0.91 | 0.76 | 1.03 | 1.00 | 0.59 | 0.84 | 0.86 | 0.72 | 1.20 | 0.99 | 1.12 | 0.69 | 1.35 | 0.77 | 1.05 | 0.92 | 0.71 0.97 | 1.12 | 0.92 | 1.20 | 1.27 
Q2] - - - - 0.81 ] 0.83 | 0.93 | 0.96 | 0.90 | 1.35 | 0.90 | 0.61 | 1.04 | 0.94 | 1.47 | 1.21 ] 1.35 | 0.83 | 0.64 | 0.56 | 1.12 | 1.33 | 0.63 1.04 | 0.89 | 0.94 | 1.03 | 1.00 
QB] - - - - 1.07 | 0.87 | 1.38 | 0.93 | 0.50 | 1.28 | 0.74 | 0.83 | 0.87 | 1.25 | 0.84 ] 0.88 | 1.11 | 0.97 | 0.61 | 1.05 | 1.06 ] 1.19 | 1.26 0.63 ] 0.61 | 1.86 | 0.94 | 1.00 
Qt] - - - - 0.81 ] 1.18 | 0.74 | 0.64 | 0.50 | 0.72 | 0.77 | 0.59 | 1.03 | 0.90 | 0.94 | 1.04 | 0.60 | 0.96 | 0.68 | 0.53 | 0.68 | 1.24 | 0.93 0.70 | 0.69 | 0.71 | 0.56 | 0.86 
We Ql - - - - - - - - 0.81 | 0.83 | 1.32 | 1.27 | 0.55 | 0.61 | 0.85 | 1.10 | 0.60 | 1.12 | 0.89 | 0.81 | 0.92 | 0.74 | 0.91 1.02 | 0.94 | 0.83 | 0.86 | 0.78 
Q2] - - - - - - - - 1.28 | 1.09 | 0.58 | 0.97 | 0.61 | 1.06 | 0.72 | 0.93 | 0.56 | 0.85 | 0.56 | 0.89 | 1.12 | 0.74 | 0.76 1.00 | 0.70 | 1.18 | 0.77 | 0.86 
QB] - - - - - - - - 0.88 | 0.94 | 0.98 | 0.67 | 1.61 | 0.91 | 1.09 | 0.98 | 0.84 | 1.07 | 0.81 | 0.74 | 0.55 | 0.96 | 1.05 1.17 | 0.96 | 0.95 | 1.02 | 1.35 
Q4] - - - - - - - - 1.83 | 1.46 | 0.79 | 0.93 | 1.55 | 1.12 | 0.81 | 0.70 | 0.86 | 0.78 | 1.04 | 0.49 | 1.25 | 1.73 | 0.96 0.80 | 0.67 | 0.76 | 0.71 | 1.48 
op Ql - - - - - - - - - - - - 0.83 | 0.94 | 1.03 | 0.63 | 0.97 | 1.29 | 0.80 | 0.80 78 | 0.57 | 1.36 0.91 | 1.63 | 0.96 | 0.86 | 0.72 
Q2] - - - - - - - - - - - - 0.93 | 0.71 | 1.01 | 0.90 | 1.41 | 1.17 | 1.03 | 0.41 | 0.76 | 0.93 | 0.94 1.10 | 0.99 | 0.81 | 0.89 | 0.93 
QB] - - - - - - - - - - - - 0.91 | 0.92 | 1.05 | 1.28 | 0.69 | 0.79 | 0.70 | 0.57 | 1.07 | 1.33 | 0.90) 1.41 | 0.71 | 0.94 | 0.47 | 1.77 
Qt] - - - - - - - - - - - - 1.64 | 0.68 | 1.08 | 0.85 | 0.87 | 1.05 | 0.86 | 0.87 | 1.04 | 0.82 | 1.34 0.73 | 0.73 | 1.24 | 0.78 | 1.44 
P, [Ql - - - - - - - - - - - - - - - - 0.62 | 0.82 | 0.74 | 0.83 | 1.12 | 1.11 | 0.87 1.14 | 0.75 | 0.72 | 1.26 | 1.24 
Q2] - - - - - - - - - - - - - - - - 1.00 | 0.82 | 0.70 | 1.39 | 1.08 | 1.23 | 1.21 0.91 | 1.57 | 0.86 | 1.12 | 0.70 
QB] - - - - - - - - - - - - - - - - 1.15 | 1.32 | 0.81 | 0.51 | 0.76 | 1.09 | 0.83 0.97 | 0.80 | 1.17 | 1.20 | 1.03 
Qt] - - - - - - - - - - - - - - - - 1.23 | 0.89 | 1.09 | 0.86 | 1.06 | 0.72 | 0.96 0.89 ] 0.72 | 0.93 | 1.07 | 1.24 
wp | QL - - - - - - - - - - - - - - - - - - - - 0.71 | 1.06 } 1.25 0.72 | 0.79 | 0.89 | 1.46 | 1.38 
Q2] - - - - - - - - - - - - - - - - - - - - 0.83 | 1.31 | 1.09 0.80 ] 1.13 ] 1.18 | 0.55 | 0.90 
Q3] - - - - - - - - - - - - - - - - - - - - 0.61 | 1.56 | 0.73 0.84 ] 0.77 | 1.04 | 0.91 | 0.70 
Qa] - - - - - - - - - - - - - - - - - - - - 0.78 | 0.94 | 0.80 0.93 | 0.53 | 0.63 | 1.02 | 0.97 
dp Ql - - - - - - - - - - - - - - - - - - - - - - - 1.19 | 1.20 | 0.90 | 1.18 | 0.74 
en Rei I a le ee i ee ae oe aoc 1.10] 0.73 | 0.54 | 0.83 | 1.52 
OS eo iow alt Sc (eae tee: |e ea le™ | S| ake dw ot oe | @calae | ede eo ces pen Tam a ie uiloe Ie T.08 0.78 | 1.30 | 0.89 | 1.29 
oh ela es Wee es a eT Mg Ger ce? ve Mee oh eles le ela 1) a etl) ee ey ee 0.45 | 0.86 | 0.61 J 0.76 | 0.98 
SOC se oe bist eee | ee es ee Sete Paces = [res es ee ee > [123/130 10.97] Lal 
Wel ech ire ake ted os A ee Saat er we we econ fest Slee ue dln erates Sh ws Le > 1.00 [0.47 70.68 | 1.25 
Pe tl oe ence oT Gee has preside | ee Wao yo al em: aloes Noth ot Seal Oar Nees tiie. | ake Wire Wiican te > T.00 [1.23 70.93 | 1.44 
Dire feo) hee bee tiie Nereus de aearh eelh or iiie ihe @: hoe ices, (Toa toe fb etl oe ee > [0.77 | 1.05 | 0.59 | 0.66 

B, 
Ql] a2] a3) af 
Oc Ql 1.49 | 1.44 | 1.33 | 1.60 
Q2 1.40 | 1.84 | 1.30 | 1.28 
Q3 2.16 | 2.41 | 1.58 | 1.84 
Q4 3.71 | 1.65 | 2.71 | 3.41 
P; Ql 2.43 | 1.49 | 1.05 | 3.13 
Q2 2.47 | 1.70 | 1.48 | 1.35 
Q3 2.34 | 1.35 | 1.38 | 1.20 
Q4 1.17 | 1.73 |] 1.69 | 1.51 
We Ql 1.84 | 2.09 | 2.22 | 2.21 
Q2 2.34 | 1.74 | 1.57 | 1.95 
Q3 2.72 | 1.02 | 1.02 | 1.57 
Q4 1.53 | 2.94 | 1.86 | 2.01 
Op Ql 1.39 | 1.71 | 2.10 | 2.37 
Q2 2.62 | 2.29 | 1.69 | 2.07 
Q3 1.58 | 1.70 | 1.25 | 1.48 
Q4 2.39 |] 1.40 | 1.21 | 0.96 
Pr. [QL 1.82 | 1.83 | 1.45 | 2.35 
Q2 1.46 | 1.94 | 1.81 | 1.62 
Q3 1.72 | 1.96 | 1.04 | 1.88 
Q4 1.95 | 0.98 | 1.84 | 1.31 
wp | QL 1.91 | 1.99 | 1.50 | 1.47 
Q2 2.16 | 2.90 ] 1.11 | 1.27 
Q3 1.58 | 1.86 | 1.68 | 2.29 
Q4 1.63 | 1.30 | 1.61 | 2.43 
dp Ql 2.10 | 2.11 | 1.87 | 1.70 
Q2 1.70 | 1.60 | 1.10 | 1.58 
Q3 1.72 | 1.24 | 0.82 | 1.85 
Q4 2.16 | 2.02 | 1.61 | 1.98 
VB]Q1 - - - - - - - - - - - - - - - - - - - - - - - - 2.76 | 1.59 | 1.77 | 1.86 
Q2] - - - - - - - - - - - - - - - - - - - - - - - - 1.78 | 1.62 | 1.23 | 2.21 
QB] - - - - - - - - - - - - - - - - - - - - - - - - 1.99 | 2.17 | 1.57 | 2.35 
Q4] - - - - - - - - - - - - - - - - - - - - - - - - 1.92 | 1.36 | 1.72 | 1.07 


Table 15: CNF y? values for @ across parameter quartile combinations. 
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P. We Py Wy d, VB B, 

Qi] Q2]Q3) Qi) Ql) @] By] qr] a QU) Q2)] 3) Qi] Qiy @] @Byarqy@y)] @ Q3 Qi] Q2] Qs] Qi 

Oc Q1 | 0.86 | 1.02 | 1.07 | 0.79 | 0.74 | 1.40 | 1.25 | 1.01 | 1.21 1.01 | 0.71 | 1.01 | 0.81 | 1.45 | 1.06 | 1.20 | 0.81 | 0.84 | 0.83 | 1.22 0.73 2.18 | 0.69 | 0.79 | 1.11 
Q2 | 0.78 | 1.27 | 1.53 | 1.07 | 0.69 | 0.82 | 1.08 | 1.07 | 0.43 0.98 | 1.07 | 0.60 | 0.72 | 0.89 | 0.71 | 0.93 | 1.20 | 0.49 | 1.07 | 1.26 0.91 0.78 | 1.12 | 0.80 | 1.20 

Q3 | 0.51 | 0.85 | 1.00 | 0.96 | 0.97 | 1.32 | 1.17 | 0.66 | 0.80 1.31 | 0.62 | 0.75 | 1.34 | 0.96 | 0.95 | 0.93 | 1.18 | 1.07 | 0.79 | 0.73 0.99 1.07 | 2.01 | 1.18 | 1.05 

Q4 | 1.10 | 0.60 | 0.64 | 1.17 | 1.14 | 0.88 | 0.57 | 1.23 | 0.89 1.13 | 1.59 | 0.78 | 1.30 | 1.50 | 0.83 | 1.14 | 0.95 | 0.84 | 1.00 | 1.30 1.30 0.63 | 0.63 | 0.87 | 1.04 

P, Ql - - - - 1.11 | 0.62 51 | 0.70 | 1.12 0.91 | 1.09 | 0.80 | 0.90 | 1.18 | 0.87 | 0.85 | 0.60 | 0.96 | 1.05 | 1.04 0.61 0.92 | 0.89 | 0.52 | 0.96 
Q2 - - - - 1.01 | 0.58 | 0.92 | 0.92 | 1.32 1.59 | 1.01 | 0.82 | 0.25 | 0.97 | 0.66 | 0.98 | 0.95 | 0.52 | 1.10 | 0.78 0.97 1.27 | 1.15 | 0.94 | 0.95 

Q3 - - - - 1.34 | 0.83 | 0.57 | 1.76 | 1.26 1.06 | 1.17 | 1.52 | 1.40 ] 1.39 | 0.93 | 1.03 | 1.21 ] 1.15 | 1.06 | 0.56 0.80 0.88 | 1.66 | 1.03 

Q4 - - - - 0.66 | 1.45 | 0.94 | 1.20] 1.14 0.73 | 0.70 | 0.84 | 0.64 | 0.86 | 0.89 | 0.79 | 0.91 | 1.08 | 0.68 | 1.06 0.74 0.57 | 0.93 | 1.53 | 0.79 

We Ql - - - - - - - - 0.68 0.85 | 0.55 | 1.11 | 1.05 | 0.99 | 0.98 | 0.69 | 1.44 | 0.68 | 0.66 | 0.99 0.69 0.75 | 0.96 | 1.07 | 1.00 
Q2 - - - - - - - - 0.88 1.24 | 1.25 | 0.91 | 0.91 | 1.09 | 0.97 | 1.32 | 0.71 | 0.85 | 0.99 | 0.93 1.06 1.05 | 1.14 | 0.67 | 0.86 

Q3 - - - - - - - - 1.40 0.82 | 0.72 | 1.21 | 1.00 | 0.72 | 0.88 | 0.92 | 0.86 | 0.87 | 1.06 | 1.53 0.65 1.25 | 1.02 | 1.24 | 1.01 

Q4 - - - - - - - - 1.26 0.64 | 1.71 | 0.75 | 1.03 | 1.40 | 1.23 | 0.52 | 1.26 | 1.18 | 1.17 | 1.08 1.14 1.11 | 1.36 | 0.91 | 1.30 

op Ql - - - - - - - - - 1.56 | 1.16 | 0.68 | 0.86 | 1.40 | 0.28 | 0.74 | 0.72 | 0.88 | 0.86 | 0.78 0.92 0.64 | 0.56 | 0.85 | 0.79 
Q2 - - - - - - - - - - 0.82 | 1.21 | 0.62 | 0.88 | 1.15 | 0.97 | 0.85 | 0.74 | 0.86 | 0.77 | 0.99 0.65 0.93 ] 0.54 | 1.21 | 1.05 

Q3 - - - - - - - - - - 1.30 | 1.31 | 0.60 | 0.79 |] 1.09 | 0.96 | 0.89 | 1.21 | 0.94 | 0.87 | 1.12 0.80 1.24 | 1.04 | 0.82 | 0.90 

Q4 - - - - - - - - - - 1.18 | 1.32 | 0.49 | 1.02 ] 1.11 | 1.27 | 1.32 | 1.42 ] 1.14 | 1.03 | 0.74 0.57 0.68 | 0.71 | 1.13 | 0.83 

P, [Qil- = = - z : = z S = = ~ | 0.90 | 0.79 | 1.07 | 0.92 | 0.84 | 0.78 | 0.88 1.26 0.93 | 0.84 | 1.69 | 1.02 
Q2] - = Z z = zs z = z a = = ~ | 0.87 | 1.12 | 0.68 | 0.95 | 1.15 | 0.60 | 1.08 1.02 L.12 | 0.86 | 0.78 | 0.88 

(os = 3 = z = : : < 5 i = 7 ~ | 1.54 J 1.19 | 1.26 | 0.56 | 0.98 | 0.83 | 0.99 T.O1 0.93 | 1.14 | 0.67 | 0.72 

Qi] - = = 2 2 = 5 : : z 2 = a — | 158] 1.04] 1.18} 1.24 | 0.91 | 0.82 | 0.86 0.77 0.89 | 1.28 | 0.92 | 1.20 

w |Qiy - 7 = : : = z = = Z = = = : : : ~ | 1.39 | 1.45 [1.04 T51 0.81 | 1.13 | 0.98 | 0.63 
QT - = z z = = - = = S z = = = = = = — 10.58 | 1.22 | 0.93 T.07 1.00 | 0.78 | 0.68 | 0.95 

a3] - = z z = = : E : = = 2 5 Z = = z — 10.90 | 0.85 | 0.71 051 0.88 | 0.92 | 1.18 | 0.61 

QT - = : : : : = : = = a = 2 z : : ~ [1.10] 1.66 | 1.04 0.88 1.24 | 0.64 | 1.00 | 1.08 

dq [Qil - 3 = : = = = z > 2 = < 2 z : : z : : 0.59 L.1i | 1.56 | 0.73 | 0.75 
Q2] = x : : = : : : : a = = = : E : z 2 : 0.86 1.19 | 0.70 | 0.62 | 0.75 

a3] - = z : Z z : F = = 5 : 2 2 z z = : = - : 0.85 1.25 | 0.89 | 0.92 | 0.87 

QT - x : : : : : : = 2 7 7 z : : : : z T.08 1.82 | 0.77 | 1.06 | 1.00 
VB|Qil - = : : z : Z = : 5 2 S = : : : : 2 : : = ~ | 0.80 | 0.93 | 1.36 | 0.74 
QQ] - = > : = : : = : = = = = 3 = E : = : : Z ~ | 1.03 | 1.29 | 0.36 | 1.39 

a3] - a = : Z = : : = = 3 = = = : z : E : : 3 ~ | 1.02 70.79 | 0.83 | 0.99 

Qi] - = : : 2 5 : z = = 2 = = 2 5 E : = : : = ~ | 1.36 | 0.78 | 0.80 | 0.82 

Table 16: CNF y? values for 0 across parameter quartile combinations. 
, : 
C.1.2 Adaptive Sampling 
P. We VB B, 

QV) Q2] Q3) Qi) Ql) @] 3B) ary ary @ Q3 7 Qt} Qi] Q2)] Q37] Qa 

Oc Q1 | 1.26 | 0.87 | 0.69 | 0.72 | 1.12 | 0.64 | 0.86 | 0.96 | 0.92 | 0.61 0.90 | 1.11 | 1.34 | 1.05 | 1.16 | 1.28 
Q2 | 1.15 | 0.79 | 0.52 | 0.77 | 0.50 | 0.70 | 0.71 | 0.88 | 0.99 | 0.73 0.52 | 1.04 | 0.71 | 0.55 | 1.05 | 1.33 

Q3 | 0.79 | 0.82 | 1.29 | 0.71 | 1.21 | 0.76 | 0.78 | 0.51 | 1.05 | 0.96 0.75 | 1.19 | 0.64 | 0.70 | 1.48 | 0.78 

Q4 | 1.37 | 0.69 | 1.32 | 0.69 | 0.73 | 1.42 | 1.23 | 0.94 | 1.06 | 1.32 1.55 | 1.57 | 1.14 | 1.10 | 1.03 | 1.23 

P. Ql - - - - 1.09 | 0.90 | 0.58 | 0.55 | 0.64 | 0.96 0.70 | 1.37 | 1.04 | 0.56 | 1.26 | 1.19 
Q2 - - - - 1.17 | 0.82 | 0.88 | 0.88 | 0.91 | 1.74 1.04 | 1.49 | 1.01 | 1.31 ] 1.25 | 1.03 

Q3 - - - - 0.65 | 0.74 | 0.97 | 1.23 | 1.10 | 0.91 1.16 | 1.01 | 1.44 | 0.68 ] 0.59 | 1.40 

Q4 - - - - 0.92 | 0.92 | 0.64 | 1.16 | 0.70 | 0.52 0.81 5 | 0.87 | 0.98 | 0.91 | 0.87 

We Ql - - - - - - - - 1.18 | 0.67 1.15 | 2.05 | 0.89 | 0.85 | 0.93 | 0.93 
Q2 - - - - - - - - 0.85 | 1.17 1.05 | 1.01 | 1.13 | 1.02 | 1.56 | 1.08 

Q3 - - - - - - - - 0.68 | 1.14 0.76 | 1.54 | 0.37 | 0.53 | 0.80 | 1.29 

Q4 - - - - - - - - 1.29 | 0.66 0.55 | 1.25 | 1.32 | 0.62 | 0.55 | 0.86 

op Ql - - - - - - - - - - 0.60 | 1.53 | 0.91 | 1.24 | 1.18 | 1.57 
Q2 - - - - - - - - - - 0.80 ] 1.56 | 0.90 | 0.83 | 0.80 | 0.78 

Q3 - - - - - - - - - - 1.31 | 1.08 | 0.99 | 0.75 | 2.11 | 1.05 

Qt - - - - - - - - - - 1.25 | 1.24 | 0.80 | 0.75 | 1.22 | 1.32 

P, {Ql - - - - - - - - - - 1.65 1.58 | 1.31 | 1.57 | 1.27 
Q2 - - - - - - - - - - 0.94 1.03 | 0.78 | 1.28 | 1.41 

Q3 - - - - - - - - - - 1.54 | 0.97 | 0.38 | 0.69 | 1.29 | 1.21 

Q4 - - - - - - - - - - 1.28 | 1.47 | 0.99 | 0.71 | 0.75 | 0.86 

wy | QL - - - - - - - - - - 1.48 | 1.45 | 1.18 | 0.85 | 1.84 | 1.67 
Q2 - - - - - - - - - - 0.62 | 1.20 | 0.76 | 0.79 | 0.56 | 0.97 

Q3 - - - - - - - - - - 1.14 | 0.85 | 1.28 | 0.56 | 0.75 ] 1.21 

Q4 - - - - - - - - - - 0.99 | 0.54 | 1.22 | 0.57 | 0.90 | 0.73 

dp Ql - - - - - - - - - - 1.56 | 1.21 | 0.83 | 0.93 | 1.31 | 1.17 
Q2 - - - - - - - - - - 0.90 | 1.10 | 1.05 | 0.69 | 0.80 | 1.06 

Q3 - - - - - - - - - - 0.89 |] 1.06 | 1.10 | 0.53 | 0.98 | 1.56 

Q4 - - - - - - - - - - 0.93 | 1.40 | 0.70 | 0.86 | 1.00 | 1.01 
VB]Q1 - - - - - - - - - - - - - - - - - - - - - - - 0.97 | 0.70 | 1.08 | 1.09 
Q2 - - - - - - - - - - - - - - - - - - - - - - - 1.07 | 1.07 | 1.60 | 1.56 

Q3 - - - - - - - - - - - - - - - - - - - - - - - 1.17 | 0.96 | 0.86 | 1.59 

Q4 - - - - - - - - - - - - - - - - - - - - - - - 1.31 | 1.39 | 1.49 | 1.78 


Table 17: 
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CNF x? values for F, across parameter quartile combinations. 


P; We Op Wy d, VB 7 

Q)Q)] ay) a] ary @)] ey) aya) q|ayaqrrai Q@)] Qs) ar] Qi, a2 | a) aryaQqry, q@y)a3y7 ary ai Qs] Qi 

Oc Q1 | 1.07 | 1.18 | 1.39 | 1.39 | 0.96 | 0.94 | 1.69 | 1.75 | 1.34 | 1.00 | 1.71 | 1.26 | 0.90 1.24 | 1.32 | 0.91 | 0.60 | 1.00 | 1.15 | 1.67 | 0.87 | 1.95 | 1.13 | 1.19 | 0.63 0.77 | 2.06 
Q2 | 0.77 | 1.07 | 1.21 | 1.04 | 1.55 | 0.68 | 0.88 | 1.07 | 0.92 | 1.05 | 0.96 | 1.30 | 2.46 0.84 | 1.24 | 0.79 | 0.92 | 1.39 | 1.18 | 1.01 | 1.37 | 1.40 | 0.98 | 0.94 | 1.83 0.82 | 1.26 

Q3 | 1.01 | 1.50 | 0.88 | 0.28 | 0.86 | 0.98 | 1.07 | 1.60 | 0.86 | 0.75 | 1.10 | 1.17 | 0.83 1.21 | 1.34 | 1.50 | 1.01 | 1.09 | 1.44 | 1.81 | 1.34 | 1.55 | 0.70 | 0.90 | 0.86 1.09 | 0.90 

Q4 | 0.89 | 2.08 | 1.56 | 0.93 | 1.20 | 1.15 | 1.65 | 1.60 | 1.41 | 1.26 | 0.87 | 1.14 | 1.60 1.65 | 1.25 | 1.42 | 1.13 | 0.94 | 1.61 | 0.78 | 0.83 | 1.28 | 1.33 | 1.59 | 0.91 1.25 | 1.35 

P, Ql - - - - 1.08 | 0.68 | 0.74 | 0.80 | 0.60 | 0.69 | 0.68 | 0.92 | 1.36 0.77 | 1.20 | 0.50 | 0.66 | 0.73 | 0.83 | 1.06 | 1.10 | 0.74 | 1.21 | 0.97 | 1.38 0.79 | 1.03 
Q2] - - - - 0.90 ] 0.51 | 0.95 | 0.84 | 1.26 | 0.93 | 0.43 | 1.64 | 0.70 0.74 | 1.51 | 0.82 | 1.11 | 0.92 | 1.25 | 1.19 | 1.71 | 0.95 | 1.00 | 1.02 | 1.55 0.60 | 0.71 

QB] - - - - 1.45 | 0.92 | 1.02 | 1.40 | 0.88 | 1.41 | 1.10 | 0.69 | 1.34 0.82 ] 0.88 | 1.22 | 0.88 | 0.83 | 1.39 | 1.59 | 1.02 | 0.78 | 1.31 | 1.18 | 0.88 1.32 | 1.22 

Qt] - - - - 0.99 | 1.23 ] 1.05 | 1.40 | 0.97 | 1.25 | 1.12 | 1.12 | 0.95 0.94 ] 0.71 | 0.98 | 1.16 | 0.56 | 1.20 | 1.18 | 0.70 | 1.18 | 0.78 | 1.41 | 0.58 0.74 | 1.59 

We Ql - - - - - - - - 1.29 | 1.03 | 1.03 | 0.91 | 0.73 1.03 | 1.90 | 0.93 | 0.88 | 0.85 | 1.36 | 1.12 | 1.72 | 1.14 | 0.99 | 1.26 | 1.19 0.51 | 0.95 
Q2] - - - - - - - - 1.84 | 0.95 | 0.72 | 0.90 | 1.25 1.00 | 1.29 | 0.97 | 0.60 | 0.68 | 0.86 | 1.01 | 1.30 | 0.88 | 0.62 | 1.04 | 0.86 0.61 | 0.74 

QB] - - - - - - - - 0.98 | 1.08 | 0.86 | 0.87 | 0.60 0.64 | 1.10 | 1.16 | 0.97 | 0.86 | 1.09 | 0.91 | 1.64 | 0.65 | 0.58 | 1.02 | 0.94 1.11 | 1.05 

Q4] - - - - - - - - 0.78 | 0.71 | 1.70 | 2.08 | 1.17 0.81 | 1.24 | 1.01 | 1.08 | 1.23 | 1.53 | 1.75 | 0.98 | 1.37 | 1.16 | 1.56 | 1.35 1.32 | 1.14 

op Ql - - - - - - - - - - - - 0.97 0.90 | 0.90 | 0.96 | 1.06 | 1.00 | 0.89 | 0.59 | 1.13 | 0.85 | 0.69 | 1.20 | 0.88 0.43 | 0.82 
Q2] - - - - - - - - - - - - 0.79 0.86 | 0.86 | 1.08 | 0.93 | 0.72 | 0.93 | 0.66 | 1.27 | 1.15 | 1.04 | 0.92 | 0.55 0.84 | 0.85 

QB] - - - - - - - - - - - - 0.99 1.70 | 0.89 | 0.96 | 0.71 | 1.10 | 1.11 | 1.10 | 1.34 | 1.36 | 0.81 | 0.99 | 0.63 1.50 | 1.56 

Qt] - - - - - - - - - - - - 0.86 0.68 | 1.29 | 0.62 | 1.12 | 0.94 | 1.19 | 1.30 | 1.18 | 0.82 | 0.72 | 1.79 | 1.52 0.75 | 1.54 

P, [Ql - - - - - - - - - - - - - 1.01 | 1.18 | 1.73 | 0.80 | 0.76 | 1.16 | 1.42 | 1.13 | 1.14 | 1.18 | 0.81 | 0.88 1.08 | 0.77 
Q2] - - - - - - - - - - - - - 0.89 | 1.18 | 1.32 | 0.87 | 0.89 | 1.00 | 0.70 | 0.97 | 1.23 | 0.67 | 1.29 | 0.75 0.83 | 1.03 

QB] - - - - - - - - - - - - - 1.01 | 1.06 | 0.65 | 0.48 | 1.04 | 1.25 | 1.39 | 1.22 | 0.64 | 0.96 | 0.91 | 1.13 0.84 | 1.24 

Qt] - - - - - - - - - - - - - 0.65 | 0.90 | 1.18 | 0.72 | 1.05 | 1.04 | 0.82 | 1.71 | 0.81 | 0.95 | 1.09 | 0.94 1.17 | 0.93 

wp | QL - - - - - - - - - - - - - - - - - - - - 0.82 | 1.47 | 1.06 | 1.58 | 1.20 | 0.76 | 0.77 | 1.03 | 0.98 1.08 | 1.22 
Q2] - - - - - - - - - - - - - - - - - - - - 0.86 | 0.97 | 0.82 | 0.63 | 0.87 | 1.25 | 0.46 | 0.90 | 0.75 0.62 | 1.47 

Q3] - - - - - - - - - - - - - - - - - - - - 0.79 | 0.39 | 1.32 | 1.41 | 1.09 | 1.47 | 1.19 | 1.30 | 0.76 0.79 | 2.17 

Qa] - - - - - - - - - - - - - - - - - - - - 1.11 | 0.96 | 1.61 | 0.98 | 1.41 | 1.03 | 0.70 | 1.04 | 0.84 1.61 | 1.00 

dp Ql - - - - - - - - - - - - - - - - - - - - - - - - 0.81 | 0.98 | 0.53 | 1.08 | 0.72 0.70 | 0.94 
Q2] - - - - - - - - - - - - - - - - - - - - - - - - 1.40 | 0.87 | 1.07 | 1.02 | 0.65 1.57 | 0.71 

QB] - - - - - - - - - - - - - - - - - - - - - - - - 1.26 | 0.98 | 1.42 | 1.36 | 0.93 0.85 | 1.17 

Qt] - - - - - - - - - - - - - - - - - - - - - - - - 1.18 | 1.09 | 0.93 | 1.17 | 1.07 1.23 | 1.29 
VB]QI - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.70 1.18 | 1.27 
Q2] - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1.22 0.99 | 0.68 

Q3] - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.91 0.88 | 1.25 

Q4] - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.67 0.85 | 1.30 


P. We VB B, 

QI | Q2 | Q3 J Q4 |] QT | Q2 |] Q3 ] Q4 Q4 Q3 | Q4 | QI |] Q2 | Q3 

de QI | 1.40 | 0.70 | 0.89 | 1.05 | 1.15 | 0.75 | 0.61 | 1.03 1.26 1.19 | 0.44 1.08 
Q2 | 1.52 | 0.92 | 0.68 | 1.11 | 1.12 | 1.06 | 0.86 | 1.04 1.14 0.42 | 0.53 0.88 

Q3 | 1.22 | 1.09 | 0.83 | 1.38 | 0.85 | 1.26 | 0.99 | 1.37 0.60 0.83 | 1.07 0.90 

Q4 | 1.12 | 2.21 | 1.98 | 1.28 | 2.09 | 0.90 | 1.79 | 1.83 2.11 1.10 | 1.77 1.23 

P. [Ql] - - - - | 1.06 | 0.93 | 0.47 | 1.06 0.78 0.78 | 1.26 0.75 
Q2] - - - - | 0.98 | 0.85 | 1.03 | 0.97 0.98 0.74 | 1.21 0.94 

Q3] - - - - | 0.95 | 0.87 | 0.58 | 0.81 0.84 0.85 | 1.13 0.60 

Qi] - - - - | 0.90 | 1-11 | 1.03 | 1.02 0.66 0.77 | 0.71 1.08 

we | Ql] - - - - - - - - 0.86 0.55 | 1.38 0.91 
Q2| - - - - - - - - 0.81 1.02 | 0.55 0.82 

Q3 | - - - - - - - - 0.77 0.77 | 0.86 0.69 

Q4[ - - - - - - - - 1.51 0.79 | 0.50 1.09 

do [Ql] - - - - - - - - 0.99 0.92 | 0.76 1.40 
Q2] - - - - - - - - 0.76 0.85 | 1.17 0.90 

Q3] - - - - - - - - 1.35 0.88 | 0.90 0.92 

Qa] - - - - - - - - 1.16 0.66 | 0.80 0.69 

P, [Ql[ - - - - - - - - - 0.69 | 0.66 0.62 
Q2| - - - - - - - - - - - - - - - - 0.91 | 1.20 0.84 

Q3] - - - - - - - - - - - - - - - - 0.65 | 0.61 0.78 

Qa] - - - - - - - - - - - - - - - - 0.59 | 1.39 1.26 

wp, | Ql] - - - - - - - - - - - - - - - - 1.28 | 0.70 0.78 
Q2] - - - - - - - - - - - - - - - - 0.99 | 1.53 0.89 

Q3] - - - - - - - - - - - - - - - - 0.84 | 1.31 T15 

Qa - - - - - - - - - - - - - - - - 0.50 | 0.51 0.71 

dy, | Ql] - - - - - - - - - - - - - - - - - - - - - - - 1.59 | 1.18 1.15 
Q2] - - - - - - - - - - - - - - - - - - - - - - - 0.63 | 0.76 131 

Q3] - - - - - - - - - - - - - - - - - - - - - - - 1.00 | 0.75 0.59 

Qi] - - - - - - - - - - - - - - - - - - - - - - - 1.30 | 1.07 0.92 
VB/QI] - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1.23 
Q2] - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.76 

Q3 | - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.52 

Q4[ - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.90 


Table 19: CNF y? values for v across parameter quartile combinations. 
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P; We op P, B, 
Qi] Q2] Q3) Qi] Ql] Q2 Qi] Q2 | Q3) Qi} Ql) Q2] Q3 Qi] Q2] a3] Qt 
0c Q1 | 0.80 | 1.70 | 1.86 | 2.52 | 0.73 | 0.95 1.85 | 2.21 | 1.54 | 1.18 | 1.66 | 1.66 | 1.84 1.48 | 1.18 | 1.47 | 1.99 
Q2 | 1.01 | 0.82 | 1.01 | 1.02 | 1.45 | 1.20 0.55 | 1.33 | 1.26 | 1.08 | 0.84 | 0.51 | 1.19 1.05 | 0.80 | 1.56 | 1.04 
Q3 | 0.96 | 1.03 | 1.00 | 1.54 | 0.97 | 0.86 1.04 | 0.91 | 1.74 | 1.55 | 0.94 | 1.25 | 1.72 1.47 | 1.14 | 1.56 | 0.78 
Q4 | 1.94 | 2.71 | 1.49 | 2.11 | 1.71 | 2.96 3.67 | 2.00 | 1.82 ] 1.78 | 2.51 | 2.03 | 2.50 2.59 | 2.06 | 1.77 | 2.34 
P. Ql - - - - 1.30 | 0.64 1.34 | 1.13 | 1.07 | 1.03 | 0.78 | 0.68 | 1.78 1.04 | 1.21 | 1.02 | 1.26 
Q2 - - - - 1.19 51 1.06 | 1.11 | 1.98 | 1.70 | 1.54 | 1.14 ] 1.58 1.73 | 1.46 | 1.78 | 1.24 
Q3 - - - - 0.80 | 1.00 1.30 | 1.03 | 1.19 | 1.33 | 0.77 | 1.80 | 0.98 0.94 | 1.06 | 1.90 | 0.73 
Q4 - - - - 1.64 | 1.85 1.80 | 2.63 | 1.20 | 1.07 | 1.39 | 1.24 | 2.29 1.79 | 1.06 | 1.09 | 2.29 
We Ql - - - - - - - - 1.97 | 1.22 | 0.77 | 1.39 | 0.97 | 0.88 | 1.82 1.28 | 1.36 | 1.47 | 0.81 
Q2 - - - - - - - - 1.02 | 1.97 | 1.22 | 1.50 | 0.76 | 0.98 | 2.12 1.42 | 1.85 | 0.56 | 1.21 
Q3 - - - - - - - - 1.52 | 1.49 | 1.21 | 1.14 | 1.23 | 1.15 | 1.25 1.40 | 1.09 | 1.86 | 2.05 
Q4 - - - - - - - - 2.14 | 2.88 | 2.16 | 1.69 | 1.20 | 1.42 | 1.93 1.40 | 1.28 | 3.01 | 2.08 
op Ql - - - - - - - - - - - - 1.64 | 1.93 ] 1.81 1.19 | 1.36 | 2.15 | 2.64 
Q2 - - - - - - - - - - - - 1.34 | 1.79 | 1.36 1.49 | 1.50 ] 1.41 | 1.74 
Q3 - - - - - - - - - - - - 1.17 | 1.27 | 1.94 1.46 | 1.40 | 1.64 | 0.88 
Q4 - - - - - - - - - - - - 1.12 | 1.00 | 2.69 1.21 | 1.64 | 1.73 | 1.09 
Py Ql - - - - - - - - - - - - - - - 1.38 | 0.81 | 0.70 | 1.60 
Q2 - - - - - - - - - - - - - - - 1.44 | 1.00 | 1.18 | 1.15 
Q3 - - - - - - - - - - - - - - - 1.11 | 2.01 | 2.36 | 1.78 
Q4 - - - - - - - - - - - - - - - 1.97 | 1.93 | 1.36 | 0.99 
wp | QL - - - - - - - - - - - - - - - 1.29 | 1.46 | 1.54 | 1.71 
Q2 - - - - - - - - - - - - - - - 1.10 | 1.30 ] 1.39 ] 1.05 
Q3 - - - - - - - - - - - - - - - 1.45 | 1.29 | 1.84 | 1.74 
Q4 - - - - - - - - - - - - - - - 2.06 | 1.22 | 0.95 | 1.14 
dp Ql - - - - - - - - - - - - - - - 1.24 | 1.29 | 1.99 | 1.78 
Q2 - - - - - - - - - - - - - - - 0.91 | 1.40 | 1.08 | 1.09 
Q3 - - - - - - - - - - - - - - - 1.36 | 1.19 ] 1.03 ] 1.89 
Q4 - - - - - - - - - - - - - - - 1.26 | 1.38 ] 1.42 | 1.71 
VB] QL - - - - - - - - - - - - - - - 0.96 | 1.13 | 1.49 | 1.30 
Q2 - - - - - - - - - - - - - - - 0.89 | 1.44 | 1.44 | 1.60 
Q3 - - - - - - - - - - - - - - - 1.64 | 1.42 | 1.92 | 2.25 
Q4 - - - - - - - - - - - - - - - 2.49 | 1.76 | 2.25 | 1.25 
Table 20: CNF y? values for ¢ across parameter 
P; We op Py 
Qh] @2) 3) Qi] Qi, @) 37a aya) ey, aya)s;@) @ Qi 
0c Q1 | 0.89 | 0.98 | 0.76 | 1.15 | 0.78 | 1.03 | 1.17 | 0.76 | 0.82 | 0.80 |] 0.82 | 0.94 | 0.88 | 0.58 | 1.19 1.12 
Q2 | 0.91 | 1.01 | 0.93 | 1.33 | 1.52 | 0.97 | 0.95 | 0.64 | 0.79 | 0.96 |] 1.01 | 0.94 | 0.79 | 0.78 | 1.22 1.09 
Q3 | 0.73 | 1.44 | 1.00 | 1.38 | 0.46 | 1.51 | 0.54 | 0.82 | 1.09 | 0.50 | 0.87 | 0.94 | 1.34 | 0.99 | 0.82 0.95, 
Q4 | 1.66 | 1.56 | 1.03 | 1.45 | 1.54 | 1.27 | 1.50 | 0.93 | 1.47 | 1.08 |] 1.94 | 0.79 | 1.85 | 1.45 | 1.25 2.04 
P: Ql - - - - 1.22 | 1.02 | 1.17 | 1.03 | 1.37 | 0.94 | 0.89 | 1.24 | 0.63 | 1.30 | 0.99 1.02 
Q2 - - - - 0.62 | 1.14 | 1.22 | 0.72 ] 1.05 | 0.87 | 0.98 ] 0.78 | 1.42 | 1.17 | 0.78 1.03 
Q3 - - - - 0.86 | 0.86 | 0.68 | 0.74 | 0.66 | 0.85 | 1.22 ] 0.77 | 0.70 | 0.81 | 1.45 0.79 
Q4 - - - - 1.74 | 0.79 | 0.69 | 1.32 | 1.04 | 1.17 | 1.07 ] 0.96 | 1.41 | 0.91 | 1.28 1.28 
We Ql - - - - - - - - 0.94 | 0.93 | 0.67 | 0.79 | 1.03 | 0.92 | 0.42 1.09 
Q2 - - - - - - - - 0.92 | 0.86 | 1.02 | 1.21 | 0.92 | 0.58 | 1.10 1.05 
Q3 - - - - - - - - 0.69 | 1.03 | 0.85 | 0.94 | 0.95 | 1.18 | 0.69 0.92 
Q4 - - - - - - - - 0.59 | 0.85 | 1.42 | 0.93 | 1.15 | 1.13 | 1.13 1.25 
Op Ql - - - - - - - - - - - - 1.54 | 1.64 | 0.69 1.05 
Q2 - - - - - - - - - - - - 1.02 | 1.38 ] 111 0.95, 
Q3 - - - - - - - - - - - - 0.95 | 0.98 | 1.13 0.93 
Q4 - - - - - - - - - - - - 0.89 | 0.88 | 1.19 0.82 
P, [Qil_- | - : = = = : = : eh es Heche sl = 1.06 
Q2]- | - z . : : : : Coa ee T.10 
O3:| o2 4lisz z Z z z 5 z = Sel ei, eel. eal 0.84 
(oye ees ae 2 : zi 3 : 2 ee oe ol eo!" alee Sle 0.93 
uw {Qi} - | - P : z z zs : Z % |e. | Seles: Pee t= 0.99 
OQ2| ao. ae : 7 2 - : 5 : ea ae re a 0.61 
O37) 2:01 =e : 2 zZ z zs : z ea ae ee ee 134 
Qh) = 2 z zZ : = = eee, Seles la 0.85 
@ (ail -|- z z Z 5 2 - : ey ee (= We 0.84 
OF) gs gros Z : = : Z 5 7 al ae Re a eae T.03 
Q3: [ees z z 2 z z : = Sy) a=) Sea) ol] pe | ae 0.05 
O4.e he z z 5 z : 5 z ae ede al Sales ley 149 
VBTQil- | - : S Z 5 e : : Seal a, a] =F fl? ite Sele T.03 
QIwhax sires 2 z z 5 2 : a oe eel ee 0.57 
Qt - .- : . : : : 5 é lise lent | call bel anf (ee 0.85 
Qa) =| 5 g ; 5 : : spe [eae | ee) 2 | weed se 0.82 


Table 21: CNF y? values for @ across parameter quartile combinations. 


44 


C.2 CNF-PD 
C.2.1 Natural Distribution 


w, 


Qi | Q2] 3] QF) Qi] Q2] Q37 Qi] Qiy q Qi | Q2] 93] Q¢} Qi |] Q2] Q3] Qa Qi | Q2 7 Q3 7 Q¢/ Qi | Q2] Qa] Qa 
Oc Q1 | 0.92 | 1.02 | 1.03 | 1.19 | 0.91 | 1.44 | 0.89 | 0.94 | 0.91 | 1.24 0.60 | 0.67 | 1.35 | 0.83 | 0.69 | 1.06 | 1.50 | 0.66 1.16 | 1.20 | 1.58 | 1.31 | 1.14 | 1.24 | 0.99 | 1.30 
Q2 | 1.17 | 0.76 | 1.03 | 0.79 | 0.86 | 0.96 | 0.75 | 0.41 | 1.11 | 0.83 1.10 | 0.90 | 1.19 | 1.04 ] 1.35 ] 1.12 58 | 0.86 1.33 | 1.34 | 0.69 | 1.28 ] 0.82 | 1.70 ] 0.71 | 1.41 
Q3 | 1.05 | 1.06 59 | 0.91 | 1.15 | 0.83 | 1.69 | 0.89 | 0.74 | 1.7: 0.95 | 0.52 | 0.83 | 0.83 | 0.72 | 1.03 | 0.82 | 1.38 1.09 | 1.11 | 0.63 | 0.62 ] 0.77 | 1.14 | 1.09 | 1.13 
Q4 | 0.72 | 1.04 | 1.50 | 1.26 | 1.66 | 0.98 | 0.61 | 0.75 | 1.31 | 0.98 0.87 | 0.72 | 0.89 | 1.04 | 0.96 | 0.86 | 1.19 | 0.96 0.64 | 1.03 | 0.80 | 0.84 | 0.77 | 0.86 | 1.35 | 1.28 
P, Ql - - - - 0.81 | 0.91 | 0.87 | 1.61 | 0.77 | 0.64 0.51 | 0.81 | 1.38 | 0.70 | 1.03 | 0.69 | 1.27 | 1.15 1.17 | 0.89 | 0.61 | 0.68 ] 1.11 ] 1.03 | 1.49 | 0.90 
Q2 - - - - 1.28 | 1.01 | 1.27 | 0.77 | 1.08 | 0.90 0.91 | 0.98 | 0.76 | 0.75 | 1.04 | 0.75 | 0.87 | 1.13 0.97 | 0.87 | 0.58 | 0.68 | 0.90 | 1.06 | 0.68 | 1.04 
Q3 - - - - 53 | 0.63 | 0.67 | 0.57 | 1.10 | 1.00 0.68 | 0.65 | 0.86 | 1.32 | 0.89 | 1.06 58 | 1.35 0.68 | 1.11 | 1.11 | 1.47 | 0.86 | 0.97 | 0.69 | 0.62 
Q4 - - - - 1.42 | 0.73 | 1.15 | 0.97 | 0.99 | 0.6! 1.06 | 1.28 | 1.17 | 1.04 | 1.18 | 0.67 | 1.42 | 0.68 1.10 | 1.46 | 0.94 | 1.24 | 0.99 | 1.02 | 0.95 | 1.25 
We Ql - - - - - - - - 1.33 | 1.30 0.88 | 1.46 | 0.58 | 1.27 | 0.88 | 1.21 | 1.13 | 1.02 0.£ zis 1.21 | 1.17 | 0.65 | 1.31 | 1.03 | 1.72 | 0.77 | 1.06 
Q2 - - - - - - - - 11s] 1 1.07 | 0.80 | 1.17 | 1.24 ] 1.08 | 1.05 | 0.86 | 1.67 | 1.00 | 1.19 | 1.01 ] 0.84 | 1.23 | 0.59 | 0.84 ] 1.08 | 0.98 | 1.31 | 0.68 | 1.06 
Q3 - - - - - - - - 0.78 | 1.2 0.68 | 1.17 | 1.05 | 0.77 | 1.15 | 0.65 | 1.08 | 0.74 | 0.99 | 0.67 | 1.55 | 1.17 | 1.19 ] 0.90 | 0.52 | 0.92 | 0.70 | 1.37 | 1.25 | 1.06 
Qt - - - - - - - - 0.99 | 0.81 0.63 | 1.02 | 1.02 | 1.13 ] 1.19 | 0.69 | 0.98 ] 1.01 79 | 1.18 | 0.87 | 0.88 | 0.68 | 1.08 | 0.87 | 1.03 | 0.99 | 0.86 | 0.88 | 0.99 
Op Ql - - - - - - - - - - - - ).58 | 1.21 | 1.31 | 0.94 | 1.03 | 1.09 | 0.75 | 0.64 | 0.45 | 0.76 | 1.12 | 0.88 | 0.79 | 1.28 | 0.72 | 1.19 | 1.44 | 0.95 | 0.72 | 0.85 
Q2 - - - - - - - - - - - - 0.58 | 1.37 | 0.98 | 0.67 | 0.82 | 0.82 | 1.25 | 0.63 | 0.97 | 0.71 | 1.02 | 0.80 | 1.71 | 0.77 | 1.28 | 1.09 | 0.98 | 0.98 | 1.22 | 1.70 
Q3 - - - - - - - - - - - - 58 | 1.02 | 1.78 | 0.62 | 1.03 | 1.42 | 1.01 | 0.85 | 1.14 | 0.76 | 1.11 |] 1.18 | 1.00 | 0.81 | 0.87 | 1.25 | 0.59 | 1.19 | 1.29 | 0.53 
Q4 - - - - - - - - - - - - 0.64 | 1.04 | 0.69 | 0.97 | 2.00 | 0.87 | 0.94 | 1.59 | 0.77 | 1.74 | 0.91 | 0.66 | 0.94 | 1.43 | 0.97 | 0.80 | 1.41 | 1.16 | 0.65 | 0.89 
P, | Ql - - - - - - - - - - - - - - - - 0.81 | 0.70 | 0.84 | 1.11 | 0.58 | 0.73 | 0.86 | 0.65 | 1.11 | 0.84 | 0.86 | 0.68 | 0.78 | 0.64 | 0.78 | 0.87 
Q2 - - - - - - - - - - - - - - - - 1.01 | 0.60 | 0.97 | 0.63 | 0.99 | 0.76 | 1.13 ] 0.98 | 0.77 | 0.55 | 1.17 ] 0.87 | 0.83 | 1.53 ] 1.11 | 0.94 
Q3 - - - - - - - - - - - - - - - - 0.98 |] 0.69 | 0.79 | 0.89 | 0.86 | 0.93 | 0.86 | 1.22 | 0.69 | 0.82 | 1.15 | 0.92 | 1.23 | 0.94 | 0.81 | 1.06 
Q4 - - - - - - - - - - - - - - - - 0.85 ] 0.87 | 1.06 | 0.87 | 1.36 | 1.30 | 0.53 | 0.62 | 1.17 | 0.92 | 0.97 | 1.65 | 0.60 | 1.28 | 0.99 | 1.03 
wp, | QL - - - - - - - - - - - - - - - - - - - - 0.38 | 1.30 | 0.45 | 0.91 | 0.84 | 0.78 | 0.83 | 1.17 | 0.93 | 1.40 | 1.15 | 1.17 
Q2 - - - - - - - - - - - - - - - - - - - - 1.08 | 0.61 | 0.95 | 0.68 | 1.05 | 1.19 | 0.83 | 0.83 | 0.69 | 0.56 | 1.81 | 0.83 
Q3 - - - - - - - - - - - - - - - - - - - - 1.36 | 0.97 | 1.10 | 0.40 | 1.07 | 1.21 | 1.54 | 0.99 | 0.98 | 1.27 | 0.94 | 0.98 
Q4 - - - - - - - - - - - - - - - - - - - - 0.65 | 0.84 | 1.10 | 1.02 | 0.71 | 0.84 | 0.51 | 0.90 | 1.04 | 0.93 | 0.55 | 1.03 
d, Ql - - - - - - - - - - - - - - - - - - - - - - - - 1.60 | 1.06 | 0.61 | 1.11 |] 1.07 | 1.48 ) 1.10 | 1.21 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - 0.91 ] 0.51 | 0.70 | 1.12 | 0.70 | 0.82 | 0.60 | 0.83 
Q3 - - - - - - - - - - - - - - - - - - - - - - - - 1.17 | 0.96 | 0.91 | 1.14 ] 0.63 | 0.96 | 1.31 | 1.28 
Q4 - - - - - - - - - - - - - - - - - - - - - - - - 0.78 | 1.17 | 0.68 | 0.76 | 0.81 | 1.00 | 0.89 | 1.10 
VB |Q1 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1.21 | 0.90 | 1.51 | 0.80 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1.20 | 1.90 | 0.86 | 1.22 
Q3 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.93 | 1.10 | 0.82 | 0.88 
Q4 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.90 | 1.28 | 1.37 | 0.82 
parameter quartile combinations. 
By 
Q4 | QI | Q2 Ql | Q2 | Q3 | Q4 
Oe Ql 1.25 | 0.83 | 0.78 0.91 | 0.95 | 1.06 | 1.48 
Q2 0.99 | 1.20 | 1.00 1.87 | 0.90 | 0.85 | 1.01 
Q3 1.37 | 0.94 | 1.39 1.36 | 1.60 | 0.71 | 1.29 
Q4 0.95 | 1.00 ] 1.31 1.32 | 0.71 | 1.17 | 0.83 
Ee Ql 0.69 | 0.74 | 0.90 0.80 | 1.67 | 0.71 | 0.72 
Q2 1.23 | 0.87 | 1.42 1.29 | 1.34 | 1.22 | 0.97 
Q3 0.96 | 0.93 | 0.70 1.30 | 0.49 | 1.15 | 0.61 
Q4 1.03 | 0.96 | 1.45 1.20 | 1.13 | 0.63 | 1.16 
We Ql 0.82 | 1.14] 1.11 1.81 | 1.03 | 0.60 | 0.75 
Q2 1.34 | 0.58 | 1.19 0.87 | 0.91 | 0.59 | 0.72 
Q3 0.78 | 0.59 | 1.23 1.15 | 1.39 | 1.12 | 0.87 
Q4 0.96 | 0.79 | 1.36 0.96 | 1.02 | 1.08 | 1.03 
Op Ql 0.91 | 0.80 | 0.66 1.11 | 0.90 | 1.35 | 0.61 
Q2 1.49 | 0.95 | 1.82 1.65 | 1.76 | 0.90 | 0.63 
Q3 1.25 | 1.53 | 0.97 0.79 | 1.43 | 1.19 | 0.77 
Q4 1.12 | 1.15 | 0.75 1.18 | 0.72 | 0.79 | 0.73 
P, {Ql 0.95 | 0.85 | 1.74 1.70 | 1.78 | 1.21 | 0.60 
Q2 0.82 ] 0.71 | 1.28 0.67 | 1.21 | 1.15 | 0.75 
Q3 1.23 | 0.65 | 0.81 0.92 | 0.75 | 0.96 | 0.93 
Qt 0.99 | 0.98 | 1.71 1.57 | 1.18 | 0.68 | 1.24 
wp, | QI - - - - - - - - - - - - - - - - - - - - 0.96 | 0.73 1.47 | 0.86 | 1.16 | 0.94 
Q2 - - - - - - - - - - - - - - - - - - - - 0.58 | 1.08 1.23 | 1.57 | 0.80 | 1.00 
Q3 - - - - - - - - - - - - - - - - - - - - 0.94 | 1.12 1.28 | 0.93 | 0.66 | 1.17 
Qt - - - - - - - - - - - - - - - - - - - - 0.94 | 0.45 1.58 | 0.77 | 1.05 | 0.99 
dp Ql - - - - - - - - - - - - - - - - - - - - - - 1.33 | 1.37 | 0.55 | 0.88 
Q2 - - - - - - - - - - - - - - - - - - - - - - 0.84 | 1.13 | 1.00 | 0.91 
Q3 - - - - - - - - - - - - - - - - - - - - - - 1.10 | 1.12 | 0.83 | 0.68 
Q4 - - - - - - - - - - - - - - - - - - - - - - 1.01 | 0.77 | 0.81 | 0.78 
VB| Ql - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1.26 | 1.22 | 1.08 | 1.23 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.91 | 0.90 | 0.96 | 0.94 
a3] - = = : : = : = = z 5 = = = i 3 = E = = : : : ez = z = — [0.98] 1.31 | 0.79 | 0.77 
Qi] - = = : : - z = : = = 3 z = = 2 S : : = 2 Z : = = = z ~ | 1.127 1.06 | 0.85 | 0.93 


Table 23: CNF-PD y? values for 7, across parameter quartile combinations. 
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Ql 


Qi 


: Q3 


Qi 


1.30 


0.68 


0.59 


Q2 


1.89 


1.05 


1.24 


Q3 


1.57 


0.78 


1.25 


Qi 


1.30 


1.22 


1.15 


Ql 


1.08 


0.36 


1.22 


Q2 


0.92 


0.53 


0.98 


Q3 


1.03 


0.46 


0.91 


QI 


0.72 


0.61 


0.81 


Ql 


1.30 


1.33 


0.93 


Q2 


1.49 


0.56 


0.94 


Q3 


1.98 


1.34 


0.93 


Qi 


0.98 


0.54 


0.77 


Qi 


0.67 


0.60 


0.78 


Q2 


0.87 


0.64 


L117 


Q3 


1.05 


0.27 


0.86 


QI 


1.28 


0.94 


0.41 


Ql 


0.83 


0.50 


0.45 


Q2 


1.35 


11 


0.97 


Q3 


0.65 


0.66 


0.98 


QI 


1.06 


0.81 


121 


Wp 


Ql 


0.97 


0.41 


0.94 


Q2 


1.23 


0.78 


0.68 


Q3 


1.02 


0.52 


0.93 


Q4 


0.66 


0.42 


0.40 


Ql 


0.96 


1.22 


Q2 


0.97 


0.65 


Q3 


0.80 


0.78 


QI 


0.36 


0.65 


VB 


Ql 


0.81 


1.23 


Q2 


0.72 


1.12 


Q3 


0.82 


0.61 


Q4 


1.13 


0.82 


parameter quartile combinations. 


Qi 


Q3 


Qi 


Qi 


Ql 


1.18 


1.56 


1.56 


1.03 


Q2 


1.40 


1.00 


0.71 


1.96 


Q3 


1.20 


1.37 


1.61 


0.87 


Qi 


0.83 


0.60 


0.70 


0.92 


Ql 


1.00 


0.63 


1.41 


0.45 


Q2 


1.50 


1.57 


0.86 


0.81 


Q3 


0.79 


0.80 


0.64 


0.81 


Q4 


0.55 


1.18 


0.77 


eg 


We 


Ql 


L117 


1.24 


0.63 


2.21 


Q2 


0.79 


1.00 


1.01 


0.58 


Q3 


0.65 


0.66 


1.08 


0.76 


Qi 


0.64 


1.56 


0.90 


1.10 


Ql 


1.03 


0.81 


0.83 


1.30 


Q2 


0.63 


0.86 


1.33 


1.38 


Q3 


1.34 


1.37 


0.99 


1.14 


QI 


0.93 


0.90 


0.80 


0.72 


Qi 


0.90 


0.80 


1.41 


0.66 


Q2 


115 


0.71 


0.72 


Q3 


0.82 


0.87 


0.82 


Q4 


1.12 


L74 


0.79 


0.91 


Wp 


Ql 


0.66 


0.88 


1.18 


0.85 


Q2 


1.06 


0.59 


1.03 


Q3 


1.04 


LOL 


1.54 


QI 


0.95 


1.50 


1.10 


Qi 


0.58 


0.35 


0.90 


Q2 


1.70 


0.88 


Lil 


Q3 


1.33 


0.85 


0.76 


QI 


1.50 


0.89 


0.65 


VB 


Qi 


1.57 


0.85 


Q2 


1.40 


1.18 


Q3 


0.88 


0.90 


Qi 


0.93 


115 
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Table 25: CNF-PD y? values for ¢ across parameter quartile combinations. 


P; We op B, 
Qi) Q2] a3) Qf) Ql) Q@2] Qs] ar] Qi) q2] a3) ar] ai Q2] a3] Qt 
Oc Q1 | 0.93 | 1.49 | 1.37 | 1.09 | 1.03 | 1.36 | 1.17 | 0.79 | 1.30 | 1.69 | 0.87 | 1.58 | 1.00 1.51 | 0.78 | 0.85 
Q2 | 0.63 | 0.89 | 1.24 | 1.22 | 0.83 | 0.94 | 1.17 | 1.43 | 0.61 | 1.07 | 0.71 | 1.12 | 0.6 0.89 | 0.82 | 1.32 
Q3 | 1.24 | 0.64 | 0.82 | 1.25 | 0.65 | 1.72 | 0.99 | 0.85 | 0.91 | 1.01 | 0.94 | 0.97 | 0.79 1.79 | 0.77 | 1.29 
Q4 | 0.52 | 0.56 | 0.98 | 1.44 | 0.80 | 0.66 | 1.12 | 1.39 | 0.98 | 1.07 | 1.04 | 1.04 | 0.78 1.15 | 0.74 | 0.97 
P, Ql - - - - 1.15 | 0.89 | 1.33 | 0.84 | 0.62 | 1.24 | 0.50 | 1.21 | 1.09 1.07 | 0.92 | 0.87 
Q2 - - - - 1.27 | 0.67 | 0.59 | 1.14 | 0.92 | 1.15 | 0.57 | 0.81 | 0.97 1.70 | 1.14 | 1.16 
Q3 - - - - 1.07 | 1.30 | 0.83 | 1.00 | 0.98 | 1.04 | 1.00 | 0.78 | 0.68 0.70 | 0.90 | 1.62 
Qt - - - - 0.95 ] 1.02 | 1.12 | 1.23 | 0.95 | 1.21 | 1.30 | 0.89 | 0.90 0.77 | 1.03 | 1.05 
We Ql - - - - - - - - 0.54 | 0.63 | 0.48 | 0.91 | 0.66 0.57 | 0.67 | 1.08 
Q2 - - - - - - - - 1.09 | 0.90 | 1.31 | 0.95 | 0.93 1.66 | 1.23 | 1.00 
Q3 - - - - - - - - 54 | 1.20 | 1.25 | 1.10 | 0.86 0.96 | 1.06 | 1.56 
Q4 - - - - - - - - 0.90 | 0.86 | 0.91 | 1.19 | 0.94 1.47 | 1.19 | 1.32 
dy PQ =f = zs : 3 = F z : ~~. | - | 1.38 3711.39 | 0.71 | 0.82 
Q2 - - - - - - - - - - - - 0.77 1.15 | 0.82 | 0.89 | 1.06 
Q3 - - - - - - - - - - - - 1.18 1.49 | 0.78 | 1.06 | 0.91 
Q4 - - - - - - - - - - - - 0.93 0.85 | 1.30 ] 0.83 | 1.37 
P, [Qil_- | - 5 z 7 7 é : Ze ghae 4) cee gle 1.25 | 1.84 | 0.92 | 0.91 
Q2/- | - = z z = g 5 = pa ee a 0.97 | 0.79 | 1.19 | 1.00 
3.) ete 3 2 2 = . : : rt a a 1.03 | 1.28 | 0.46 | 1.16 
Of); a fe : 7 - - : : : ar ole ten a) = gfe T.08 | 1.24 10.72 | 0.52 
w {Qi} - | - : : : : Z E = €..).264).2 1.23 | 0.65 | 0.60 | 1.18 
Q2,- | - z z P z 3 : = Soa ero ee 0.90 | 0.80 | 0.78 | 0.77 
O37) = hz z z : = z Fi z sah) = T.10 | 0.97 | 0.92 | 0.58 
Qfla=al = B 7 : : = : z re en T.05 | 1.00 | 0.87 | 1.45 
aq (ail - | - F : 5 S 2 = oo lla Seve 2 3, 1.10 | 1.15 | 0.86 | 1.03 
QF) a | ss z : : z : . = Ppt) eal te 1.37 | 1.22 1.35 | 0.81 
O3)| 22 shoe z z Z z : : = bela) Sule 1.28] 0.73 | 0.82 | 1.39 
[ay es a z zi : z : a eT ea) th ol Ze 1.25 | 1.01 | 1.03 10.99 
VBTQil- | - 7 - 3 z 2 = : S| ren) Sees 1.53 | 1.56 | 0.84] 0.91 
2 | = ah o= - : : : : 5 : er ln teal al pera tees tees - E : : F : 5 Elio 0.80 | 0.98 | 0.00 | 0.98 
Q3iiae- i) 2 : 7 : : 2 2 oP lpust all’ =o: a[ eee kee [Soil Oe : zi : S 7 2 Se 140 | 1441133 70.91 
Of) ous . : : = ; : SS aeie| vert( er iacieee tod = z 7 : . : : orale 0.92 | 0.90 | 0.70 | 0.84 
Table 26: CNF-PD y? values for 6 across parameter quartile combinations. 
, : 
C.2.2 Adaptive Sampling 
P. We Py Wp d, 
Qi] Q2] a3) Qf) Ql) Q2] a3] Qi] ai Ql) Q2] a3) Qf) Ql) Q2] Qs) ar] ary q | a3) ar] ai Of 
Oc Q1 | 1.36 | 1.05 | 1.12 | 0.59 | 1.72 | 0.59 | 0.89 | 1.08 | 0.92 1.00 | 1.14 | 0.95 | 1.24 | 1.09 | 0.89 | 1.02 | 1.60 | 1.18 | 0.72 | 0.93 | 1.12 | 0.57 0.93 
Q2 | 0.65 | 0.80 | 0.90 | 1.39 | 1.02 | 0.95 | 0.90 | 1.20 | 1.30 0.68 | 1.05 | 0.85 | 0.77 | 1.10 | 0.74 | 0.70 | 0.82 | 0.83 | 1.44 | 0.88 | 0.96 | 0.68 0.72 
Q3 | 0.64 | 0.80 | 0.82 | 0.80 | 1.17 | 0.78 | 1.16 | 0.42 | 1.67 0.73 | 0.70 | 1.04 | 0.74 | 0.75 | 0.86 | 0.88 | 0.77 | 1.14 | 0.85 | 1.16 | 1.47 | 0.97 0.99 
Q4 | 0.93 | 0.85 | 0.72 | 1.07 | 0.51 | 0.75 | 1.08 | 0.82 | 0.86 1.01 | 2.00 | 0.83 | 0.50 | 0.57 | 0.78 | 1.67 | 1.11 | 1.23 | 1.07 | 0.98 | 0.89 | 0.48 1.20 
P. Ql - - - - 0.56 | 1.05 | 1.05 | 0.86 | 1.28 0.93 | 0.76 | 0.94 | 1.10 | 1.12 | 0.89 | 0.96 | 0.88 | 0.49 | 0.79 | 1.26 | 0.87 | 1.10 1.27 
Q2 - - - - 0.67 | 1.13 ] 0.50 | 1.03 | 0.41 1.69 | 1.04 | 0.67 | 0.67 ] 0.97 | 0.42 | 0.78 | 0.88 | 0.59 | 0.90 | 1.14 ] 0.81 | 1.14 0.63 
Q3 - - - - 1.11 | 1.07 | 0.77 | 1.14 | 1.00 0.75 | 1.18 | 0.71 | 1.30 | 1.05 | 0.97 | 1.89 | 1.08 | 1.12 ] 1.51 | 0.63 | 1.15 | 0.88 1.04 
Q4 - - - - 1.17 | 0.99 | 0.71 | 0.76 | 0.95 0.96 | 0.61 | 1.02 | 1.07 | 1.40 | 0.92 | 0.81 | 0.84 | 1.25 | 1.07 | 0.88 | 1.04 | 0.88 0.55 
We Ql - - - - - - - - 1.89 1.28 | 1.65 | 0.74 | 0.77 | 0.80 | 0.80 | 1.03 | 0.80 | 0.76 | 0.81 | 0.80 | 1.07 | 0.89 0.89 
Q2 - - - - - - - - 111 0.67 | 0.97 | 0.85 | 0.45 | 1.45 | 0.86 | 1.14 | 0.80 | 0.72 | 1.28 | 1.18 | 0.47 | 0.64 0.52 
Q3 - - - - - - - - 1.23 1.39 | 0.81 | 1.48 | 0.85 | 0.48 | 0.59 | 1.50 | 0.43 | 1.08 | 0.78 | 0.92 | 0.81 | 0.75 1.22 
Q4 - - - - - - - - 1.17 1.08 | 0.98 | 0.92 | 0.60 | 1.25 | 0.83 | 1.08 | 0.88 | 0.97 | 0.83 | 0.76 | 1.09 | 0.95 1.12 
op Ql - - - - - - - - - - - - 50 | 1.66 | 0.76 | 1.67 | 0.93 | 1.01 | 1.37 | 1.23 | 0.83 | 0.83 | 1.35 | 0.90 | 0.79 2.13 
Q2 - - - - - - - - - - - - 1.08 | 0.93 | 1.04 | 0.88 ] 1.10 | 1.09 | 0.94 | 0.70 | 0.96 | 0.91 | 0.78 | 0.44 | 0.82 0.83 
Q3 - - - - - - - - - - - - 0.70 | 0.99 | 0.56 | 0.91 | 1.32 | 1.22 | 1.34 | 0.92 | 0.86 | 0.96 | 1.45 | 0.50 | 0.83 0.73 
Qt - - - - - - - - - - - - 1.14 | 0.82 | 1.07 | 0.61 ] 1.01 | 1.02 | 0.85 | 1.24 | 1.29 | 0.62 | 1.18 ] 1.01 | 0.77 1.65 
P, {Ql - - - - - - - - - - - - - - - - 0.66 | 0.96 | 1.83 | 0.94 | 1.24 | 0.78 | 0.82 | 1.18 | 0.92 0.86 
Q2 - - - - - - - - - - - - - - - - 1.61 | 0.93 | 0.95 | 1.21 | 0.82 | 1.97 | 1.14 | 1.36 | 0.61 2.06 
Q3 - - - - - - - - - - - - - - - - 1.34 | 0.94 | 1.01 | 1.09 | 0.59 | 0.94 | 1.32 | 0.91 | 1.23 0.61 
Q4 - - - - - - - - - - - - - - - - 0.59 | 1.19 ] 1.51 | 1.27 | 0.94 | 0.70 | 1.03 ] 1.10 | 1.44 0.80 
wy | QL - - - - - - - - - - - - - - - - - - - - 1.80 | 0.94 | 1.75 | 0.79 | 0.97 1.02 
Q2 - - - - - - - - - - - - - - - - - - - - 0.81 | 0.77 | 1.74 | 0.79 | 0.83 0.80 
Q3 - - - - - - - - - - - - - - - - - - - - 1.25 | 1.10 | 1.14 | 0.78 | 0.88 1.12 
Q4 - - - - - - - - - - - - - - - - - - - - 0.96 | 1.64 | 0.94 | 0.97 | 1.02 0.60 
dp Ql - - - - - - - - - - - - - - - - - - - - - - - - 0.47 1.20 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - 0.83 0.90 
Q3 - - - - - - - - - - - - - - - - - - - - - - - - 0.97 Lit 
Q4 - - - - - - - - - - - - - - - - - - - - - - - - 0.92 111 
vBTQiy- | - ; . 5 : , Es : al Sele Soil erin elcome : : zs : : z = ile T42 
Q2-[ 2: <1 =e z z 2 z Z 2 = = jee] ceo) = eae ae ce z zs 2 z z z 5 =< T.12 
Q3ce ae Z 2 : z z : : ple seal RS Ole. rer [oe al SS zs q 2 z z : z ee 0.90 
Qf) cena z cs = z z = 5 eo) =| alae as [een = q z Z 2 5 : : = i.e T.00 


Table 27: CNF-PD y? values for r, across parameter quartile combinations. 


A7 


We op P, Wp B, 

Qi], Q2] Q3) Qi) Ql) @] QS) QI; Qi; @] eByalqay@) @ya Qi TP Qi] Q2] Q37] Qi 
Oc Ql 0.64 | 1.57 | 0.63 | 0.93 | 1.17 | 1.03 | 1.42 | 1.90 | 1.36 | 1.11 | 1.64 | 0.78 | 1.04 | 1.54 | 1.02 | 1.26 1.20 | 1.10 | 0.90 | 0.89 | 0.86 
Q2 1.67 | 1.02 03 | 1.22 | 1.24 | 1.49 | 2.19 | 0.80 | 1.77 | 0.85 | 1.36 | 1.03 | 1.75 | 0.86 | 1.44 | 1.05 1.17 | 1.46 | 1.36 | 0.87 | 1.49 
Q3 0.76 | 0.82 | 0.72 | 0.68 | 0.69 | 1.36 | 0.85 | 1.01 | 0.67 | 1.24 | 0.85 | 1.20 | 0.89 | 0.95 | 1.03 | 1.36 0.83 | 1.33 | 1.35 | 1.23 | 0.93 
Q4 0.76 | 1.02 | 1.14 | 1.20 | 1.01 | 1.35 | 0.54 | 0.79 | 1.02 | 1.56 | 1.01 | 0.61 | 1.06 | 1.20 | 0.99 | 0.61 0.96 | 0.91 | 1.23 | 0.85 | 0.63 
P, Ql - - - - 1.11 | 0.78 | 0.83 | 0.97 | 0.96 | 0.62 | 1.03 | 1.15 | 1.45 | 0.93 | 1.19 | 1.07 | 1.01 ] 0.97 | 0.69 | 1.27 1.23 | 0.90 | 1.18 | 0.59 
Q2 - - - - 1.91 | 0.78 | 1.60 | 0.57 58 | 1.19 | 0.76 | 1.17] 0.97 ] 1.11 | 1.45 | 0.67 | 1.27 | 1.14 ] 1.15 | 0.90 1.63 | 1.18 | 1.24 | 0.95 
Q3 - - - - 1.02 | 1.41 | 1.02 | 1.74 | 1.28 | 0.99 | 1.41 | 1.06 | 0.78 | 1.09 | 0.90 ] 1.16 | 0.73 | 1.04 | 0.91 | 1.64 1.24 | 1.23 | 1.13 | 1.38 
Qt - - - - 1.38 | 1.03 | 0.99 | 0.80 | 1.16 | 1.56 | 1.40 | 0.95 | 1.25 | 1.34 | 1.07 ] 1.07 | 0.95 | 0.99 | 0.78 | 1.26 1.38 | 1.01 | 1.06 | 0.85 
We Ql - - - - - - - - 1.40 | 0.79 | 1.61 | 0.78 | 0.78 | 0.86 | 0.85 | 1.07 | 1.35 | 0.71 | 0.94 | 1.07 1.02 | 0.85 | 0.80 | 1.07 
Q2 - - - - - - - - 1.05 | 0.68 | 1.08 | 1.19 | 0.86 | 0.74 | 1.94 | 0.62 | 0.68 | 0.77 | 0.67 | 1.25 ; 1.03 | 1.02 | 0.95 | 0.79 
Q3 - - - - - - - - 1.13 | 1.16 | 1.10 | 1.29 | 0.77 | 1.27 | 1.44 | 0.80 | 1.54 | 0.83 | 1.16 | 0.49 22 | 1.01 | 0.68 | 1.30 | 0.63 
Q4 - - - - - - - - 0.48 | 1.12 | 1.10 | 0.97 | 0.55 | 0.77 | 1.05 | 1.08 | 0.78 | 1.00 | 0.85 | 0.99 0.60 | 0.83 | 0.74 | 0.70 | 0.64 
op Ql - - - - - - - - - - - - 0.77 | 1.74 | 1.30 | 1.24 | 0.95 | 1.23 | 0.63 | 1.16 0.90 | 1.36 | 0.94 | 0.93 | 1.64 
Q2 - - - - - - - - - - - - 0.51 | 0.77 | 1.80 ] 1.13 | 1.02 | 0.75 | 1.84 56 0.88 | 0.98 | 1.47 | 1.28 | 0.63 
Q3 - - - - - - - - - - - - 2.03 |] 0.97 | 0.83 | 1.10 | 0.96 | 1.49 | 1.48 | 1.40 0.83 ] 1.07 | 1.09 | 1.69 | 1.48 
Q4 - - - - - - - - - - - - 1.14] 1.41 | 1.36 | 1.35 ] 1.76 | 0.76 | 1.27 | 1.10 1.66 | 1.26 | 1.49 | 0.89 | 0.92 
P, [Ql - - - - - - - - - - - - - - - - 1.27 | 0.98 | 0.78 | 0.91 0.83 | 0.99 | 1.17 | 0.90 | 1.42 
Q2 - - - - - - - - - - - - - - - - 0.86 | 1.05 | 0.57 | 1.19 1.01 | 1.16 | 1.00 | 1.29 | 0.59 
Q3 - - - - - - - - - - - - - - - - 1.84 | 1.10 | 1.47 | 0.94 1.37 | 1.51 | 1.08 | 0.71 | 1.25 
Q4 - - - - - - - - - - - - - - - - 0.87 | 1.13 | 0.73 | 1.49 1.41 | 1.40 | 0.83 | 1.09 | 0.56 
wp | QL - - - - - - - - - - - - - - - - - - - - 0.91 | 1.21 | 1.12 | 0.93 | 1.31 
Q2 - - - - - - - - - - - - - - - - - - - - 0.85 | 0.79 | 1.08 | 1.37 | 1.39 
Q3 - - - - - - - - - - - - - - - - - - - - 1.01 | 1.33 | 0.91 | 0.99 | 0.86 
Q4 - - - - - - - - - - - - - - - - - - - - 1.43 | 1.00 | 0.87 | 1.25 | 1.39 

dp Ql - - - - - - - - - - - - - - - - - - - - 0.87 | 0.62 | 1.24 | 1.17 
Q2] = x : : = : : : : = = a = = = : E : 0.70 | L.18 | 0.87 | 0.82 | 0.57 
a3] - = z : Z z : F = = . z 5 : 2 2 z z = : 1.04 | 0.48 | 1.60 | 1.22 | 1.33 
QT - x : : z : : : s 2 z 2 7 7 : : : : : 1.27 | 1.08 | 1.73 | 0.90 | 0.84 
VB|Qil - = : : z : : = : 5 = = 2 S = 2 : : 5 2 : = 5 = = = ~ | O71 | 1.39 | 1.44 J 1.33 
QQ] - = - z = : = = = - = = = = 3 : E : = E - : a = g = ~ | 1437 1.07 | 0.78 | 1.05 
a3] - a = : Z : : : 2 = = 3 5 = = . : z : : : : z = = 3 ~ | 1.10 | 0.56 | 0.66 | 1.35 
Qi] - = : : : = : = = i Z 2 2 = = 2 Fs z : : 5 : : 3 _ = = ~ | 0.85 | 1.20 | 1.21 | 1.09 

2 es 
Table 28: CNF-PD x? values for 7, across parameter quartile combinations. 
P; We op Py Wp d, VB 

Qi] Q2] Q3) Qf) Ql) @] 8B] lay ey] By al ay@) Blaryraqiry @2 |] 3) ay ai); @] By asa); ey eyaya Qi 
Oc Q1 | 0.80 | 0.52 | 1.18 | 1.27 | 0.79 | 1.11 | 0.87 | 0.62 | 0.71 | 0.79 | 1.08 | 1.21 | 0.79 | 1.09 | 1.08 | 0.80 | 1.65 | 1.38 | 0.98 | 0.84 | 1.10 | 1.06 | 1.40 | 1.39 | 1.24 | 1.15 | 0.66 | 0.92 | 1.02 1.35 
Q2 | 0.40 | 1.18 | 1.10 | 1.35 | 0.88 | 0.85 | 1.03 | 1.28 | 0.87 | 0.68 | 1.21 | 0.98 | 1.15 | 0.52 | 1.78 | 1.00 | 0.70 | 0.86 | 0.64 | 0.84 | 0.89 | 0.84 | 1.02 | 0.96 | 1.70 | 1.04 | 0.96 | 0.58 | 0.89 0.72 
Q3 | 1.27 | 0.71 | 0.96 | 1.02 | 0.96 | 1.46 | 0.40 | 0.87 | 0.94 | 1.38 | 1.20 59 | 0.85 | 1.03 | 1.50 | 0.59 | 1.30 | 0.96 | 0.46 | 0.79 | 0.78 | 0.55 | 1.32 | 1.29 | 0.99 | 1.48 | 1.24 | 1.49 | 1.00 1.12 
Q4 | 0.70 | 1.31 | 0.66 | 1.04 | 1.17 | 1.63 | 0.65 | 0.46 | 1.01 | 0.53 | 0.77 | 0.82 | 0.99 | 0.87 | 0.67 | 1.03 | 0.79 | 0.75 | 0.99 | 0.97 | 0.64 | 0.94 | 1.20 | 1.20 | 0.68 | 0.56 | 1.17 | 1.06 | 0.47 1.46 
P; Ql - - - - 0.97 | 0.78 | 0.55 | 0.90 | 0.81 | 1.09 | 1.18 | 0.74 | 0.94 | 0.79 | 1.27 | 1.29 | 0.96 | 0.95 | 0.94 | 0.76 | 1.39 | 0.30 | 0.97 | 0.81 | 1.34 | 0.79 | 0.71 | 1.12 | 0.88 1.23 
Q2 - - - - 0.94 |] 0.92 | 0.84 | 1.01 | 1.02 | 0.99 | 0.83 | 0.66 | 1.03 | 0.80 | 1.05 | 0.84 |] 0.99 | 0.96 | 0.67 | 1.46 | 1.04 | 1.09 | 0.63 ] 1.21 | 0.90 | 0.87 | 1.07 | 1.25 | 0.62 1.31 
Q3 - - - - 0.84 | 0.99 | 0.78 | 0.88 | 1.25 | 0.61 | 1.09 | 0.85 | 0.97 | 0.72 | 1.20 | 0.90 | 1.32 | 1.55 | 0.66 | 0.84 | 1.18 | 1.01 | 1.23 | 0.63 | 1.28 | 1.16 | 0.85 | 0.70 | 0.88 0.78 
Q4 - - - - 1.41 | 1.31 | 0.92 | 0.68 | 0.81 | 1.18 | 1.51 | 0.74 | 0.98 | 0.89 | 0.92 ] 1.19 | 0.80 | 1.30 | 0.99 | 0.74 | 0.81 | 0.29 | 1.67 | 0.77 | 0.93 | 1.00 | 1.34 | 0.65 | 1.39 1.10 
We Ql - - - - - - - - 1.05 | 0.87 | 1.19 | 0.95 | 0.99 | 0.77 | 1.33 | 0.77 | 1.26 | 1.13 | 0.99 | 0.65 | 0.84 | 1.50 | 1.01 | 0.87 | 0.61 | 0.69 | 1.46 | 1.14 | 1.06 1.32 
Q2 - - - - - - - - 0.86 | 1.22 | 1.39 | 0.77 59 | 0.76 | 1.14 | 0.96 | 1.13 | 0.94 | 0.86 | 0.72 | 0.83 | 0.63 | 1.19 | 1.26 | 1.03 1.54 1.12 
Q3 - - - - - - - - 1.21 | 0.60 | 1.07 | 0.85 | 0.89 | 0.59 | 0.92 | 1.22 | 0.81 | 1.20 | 1.21 | 0.63 | 0.80 | 0.74 | 1.32 | 0.60 | 0.86 | 0.93 | 1.36 | 0.74 | 0.79 1.17 
Q4 - - - - - - - - 0.61 | 0.55 | 0.49 | 0.83 | 0.60 | 0.84 | 1.37 | 0.51 | 0.70 | 0.92 | 0.75 | 0.77 | 0.70 | 0.60 | 0.73 | 0.52 | 0.97 | 1.18 | 0.95 | 0.61 | 0.82 1.00 
Op Ql - - - - - - - - - - - - 0.76 | 0.43 | 1.48 | 1.45 | 1.26 | 1.34 } 1.11 | 0.70 | 0.67 | 1.09 | 0.76 | 1.45 | 0.91 | 2.00 | 1.36 | 0.80 | 0.96 1.15 
Q2 - - - - - - - - - - - - 0.47 | 0.93 | 0.89 | 0.77 | 0.99 | 1.17 | 0.78 | 0.61 ] 0.58 | 0.55 | 0.93 | 1.23 ] 0.56 | 0.90 | 1.13 | 0.91 | 0.94 1.08 
Q3 - - - - - - - - - - - - 0.89 | 0.99 | 0.74 | 1.14 | 0.65 | 0.72 | 1.41 | 0.95 ] 1.16 | 0.44 | 0.82 | 0.70 ] 1.14 | 1.63 | 0.81 | 0.79 | 0.86 1.26 
Q4 - - - - - - - - - - - - 0.99 | 0.77 | 1.03 | 0.72 | 0.99 | 1.14 ] 1.50 | 0.72 ] 0.95 | 0.88 | 1.00 | 0.77 ] 0.95 | 0.47 | 1.13 | 1.20 | 1.16 0.92 
Pr. [QL - - - - - - - - - - - - - - - - 0.62 | 0.52 | 0.73 | 0.59 | 1.22 | 1.39 | 0.87 | 0.68 | 1.01 | 0.66 | 1.21 | 1.20 | 0.67 0.75 
Q2 - - - - - - - - - - - - - - - - 0.88 | 1.70 | 1.08 | 1.03 | 0.95 | 0.82 | 0.87 | 1.26 | 1.40 | 0.86 | 0.91 | 0.70 | 0.81 0.70 
Q3 - - - - - - - - - - - - - - - - 1.52 | 0.98 | 0.95 | 0.69 | 0.83 | 0.89 | 1.41 ] 0.96 | 1.51 | 0.95 | 0.96 | 0.88 | 0.94 1.13 
Q4 - - - - - - - - - - - - - - - - 1.47 | 1.70 | 1.21] 1.31 | 1.41 | 0.47 | 0.84 | 0.94 | 1.08 | 1.03 | 0.93 ] 1.15 | 1.69 1.33 
wp | QL - - - - - - - - - - - - - - - - - - - - 0.60 | 0.62 | 1.51 | 0.94 | 1.10 | 1.26 | 1.64 | 0.85 | 1.16 1.32 
Q2 - - - - - - - - - - - - - - - - - - - - 1.19 | 1.02 | 1.26 | 1.09 ] 1.25 | 0.73 | 1.10 | 1.81 | 1.87 2.00 
Q3 - - - - - - - - - - - - - - - - - - - - 0.98 | 0.75 | 0.81 | 0.71 | 1.90 | 0.53 | 0.91 | 0.94 | 1.24 1.10 
Q4 - - - - - - - - - - - - - - - - - - - - 0.56 | 0.93 | 0.92 | 0.89 | 0.72 | 0.87 | 1.00 | 0.72 | 0.87 0.62 
dp Ql - - - - - - - - - - - - - - - - - - - - - - - - 0.85 | 1.06 | 1.08 | 1.02 | 0.93 0.65 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - 1.01 | 0.86 | 1.20 | 0.65 | 0.81 114 
Q3 - - - - - - - - - - - - - - - - - - - - - - - - 0.81 | 1.68 | 1.29 | 0.94 | 0.91 1.03 
Q4 - - - - - - - - - - - - - - - - - - - - - - - - 0.84 ] 0.89 ] 1.10 | 0.76 | 1.14 1.54 
VB]Q1 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1.23 0.78 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1.84 1.03 
Q3 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.98 1.63 
Q4 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.94 1.07 


Table 29: CNF-PD ,? 


values for v across parameter quartile combinations. 
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Dp. 


VB 


QryQ2) a3] ar] Qiy Q@] By ar] aqiy @] a3) a] ai QB Qs | Qi | Qi a 
Oc Q1 | 2.51 | 1.05 | 1.11 | 0.88 | 0.95 | 1.46 | 0.83 | 0.61 | 1.59 | 1.66 | 1.09 | 1.35 | 1.18 0.91 1.19 | 0.99 | 0.89 1.12 
Q2 | 1.06 | 0.89 | 1.50 | 0.81 | 1.29 | 1.20 | 1.82 | 0.90 | 1.00 | 1.20 | 1.58 | 0.96 | 1.10 1.19 0.99 | 1.45 | 1.07 1.35 
Q3 | 1.86 | 0.89 | 1.22 | 1.05 | 1.21 | 0.53 | 0.66 | 1.02 51 | 0.91 | 0.63 | 0.87 | 1.30 0.92 1.12 | 0.76 | 1.51 0.58 
Q4 | 1.83 | 1.67 | 1.16 | 1.31 | 1.84 | 1.78 | 1.10 | 1.46 | 2.83 | 1.28 | 1.07 | 1.00 | 2.62 1.75 2.02 | 1.81 | 1.29 1.68 
P, Ql - - - - 1.19 | 0.67 | 1.23 | 1.07 | 1.08 | 1.26 | 1.33 | 1.09 | 0.70 1.07 1.39 | 1.31 | 1.14 0.95 
Q2 - - - - 0.94 |] 0.94 ] 0.85 | 1.11 ] 1.51 | 1.08 ] 0.90 | 1.13 | 1.14 1.13 0.93 | 0.87 | 0.87 1.39 
Q3 - - - - 1.24 | 0.91 | 1.38 | 1.07 | 1.41 | 1.77 | 1.21 | 0.77 | 1.14 1.01 1.22 | 0.88 | 1.44 1.23 
Q4 - - - - 1.25 | 1.35 | 1.06 | 0.43 | 1.87 | 1.70 | 0.61 | 0.45 | 1.54 0.73 0.90 | 1.06 | 1.02 1.53 
We Ql - - - - - - - - 1.41 | 1.19 | 0.74 | 0.93 | 0.73 1.10 0.63 | 1.13 | 1.52 1.30 
Q2 - - - - - - - - T.11 | 1.12 | 0.76 | 1.03 | 1.06 0.90 1.17 | 0.92 | 1.11 0.75 
Q3 - - - - - - - - 1.03 | 1.20 | 1.12 | 0.70 | 0.86 1.21 0.88 | 0.94 | 0.77 1.22 
Q4 - - - - - - - - 1.87 | 0.93 | 1.00 | 0.95 | 0.95 1.19 1.00 | 0.63 | 0.79 1.14 
op Ql - - - - - - - - - - - - 0.97 1.35 1.55 | 0.64 | 1.38 2.40 
Q2 - - - - - - - - - - - - 1.21 1.01 1.01 | 1.56 | 1.08 0.91 
Q3 - - - - - - - - - - - - 0.99 1.03 1.05 | 1.27 | 0.85 1.13 
Q4 - - - - - - - - - - - - 0.64 0.57 0.86 | 0.94 | 1.23 0.44 
P, [Ql - - - - - - - - - - - - - 0.48 1.11 | 0.69 | 1.16 0.96 
Q2 - - - - - - - - - - - - - 0.68 0.73 | 0.97 | 1.15 0.49 
Q3 - - - - - - - - - - - - - 0.96 0.89 | 0.97 | 0.92 1.37 
Q4 - - - - - - - - - - - - - 0.80 1.10 | 1.17 | 1.08 117 
wp | QL - - - - - - - - - - - - - 1.37 0.86 | 1.07 | 1.63 0.82 
Q2 - - - - - - - - - - - - - 0.89 1.01 | 0.89 | 0.93 1.34 
Q3 - - - - - - - - - - - - - 0.73 1.00 | 0.98 | 0.97 1.13 
Q4 - - - - - - - - - - - - - 0.66 0.81 | 1.04 | 1.20 0.88 
dp Ql - - - - - - - - - - - - - - 0.66 | 0.90 | 0.88 0.79 
Q2 - - - - - - - - - - - - - - - - - - - - - - 0.48 | 0.80 ] 0.71 0.75 
Q3 - - - - - - - - - - - - - - - - - - - - - - 0.85 | 0.98 | 0.67 0.89 
Q4 - - - - - - - - - - - - - - - - - - - - - - 1.76 | 1.70 | 1.53 1.27 
VB]QI - - - - - - - - - - - - - - - - - - - - - - - - 2.35 1.05 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - 1.03 1.29 
Q3 - - - - - - - - - - - - - - - - - - - - - - - - 0.69 1.15 
Q4 - - - - - - - - - - - - - - - - - - - - - - - - 0.96 1.50 
parameter quartile combinations. 
d, B, 
Q4 | QI ] Q2 ] Q3 Qt | QI] Q2 J] Q3 7 Q4 
Oc Ql 1.04 | 0.92 | 0.60 | 0.76 1.01 | 1.24 | 1.25 | 0.92 | 1.22 
Q2 0.56 | 0.76 | 1.06 | 1.45 0.88 | 0.30 | 1.28 | 0.76 | 1.12 
Q3 1.10 | 1.18 | 0.84 | 1.04 1.44 | 0.99 | 1.22 | 1.31 | 0.98 
Q4 0.62 | 0.73 | 1.03 | 1.05 0.91 | 1.50 | 1.33 | 0.83 | 0.84 
P; Ql 1.03 | 0.76 | 0.58 | 0.95 0.58 | 1.04 ] 0.99 | 0.72 | 1.14 
Q2 1.05 | 0.83 | 0.89 | 1.46 0.89 ] 1.31 ] 1.19 | 1.46 | 0.70 
Q3 0.86 | 0.98 | 0.95 | 1.09 0.61 | 0.94 | 1.09 | 0.83 | 0.48 
Q4 0.65 | 0.55 | 1.03 | 0.55 1.05 | 0.88 | 0.76 | 1.25 | 0.88 
We Ql 0.56 | 0.87 | 1.03 | 1.46 1.05 | 0.97 | 0.87 | 0.90 | 1.22 
Q2 0.78 | 0.98 | 1.00 | 1.41 0.81 | 1.31 | 0.90 | 0.50 | 1.37 
Q3 1.31 | 0.82 | 1.20 | 1.19 1.59 | 1.71 | 1.17 | 0.77 | 1.34 
Q4 0.86 | 0.78 | 0.85 | 0.80 57 | 1.03 | 1.20 | 1.45 | 0.73 
Op Ql 0.58 | 0.77 | 0.99 | 1.01 0.92 | 1.16 | 0.38 | 1.01 | 1.57 
Q2 0.90 | 0.88 | 1.34 | 0.60 0.90 | 0.80 | 1.08 | 1.07 | 0.77 
Q3 0.99 | 1.24 ] 0.82 | 1.33 0.70 | 0.96 | 1.01 | 0.65 | 0.88 
Q4 0.89 | 0.73 | 0.76 | 1.06 0.62 ] 0.84 | 1.02 | 0.86 | 1.18 
Pr. [QL - - - - - - - - - - - - - 0.95 | 1.16 | 0.97 | 1.34 1.45 | 1.27 | 1.03 | 0.95 | 1.10 
Q2 - - - - - - - - - - - - - 1.16 | 0.56 | 0.57 | 0.94 0.87 | 1.00 | 1.02 | 0.76 | 0.81 
Q3 - - - - - - - - - - - - - 1.11 | 0.81 | 0.80 | 0.98 1.34 | 0.65 | 0.87 | 1.76 | 1.19 
Q4 - - - - - - - - - - - - - 1.14 | 0.98 | 1.41 | 1.35 1.05 | 1.33 | 1.10 | 0.64 | 0.77 
wp | QL - - - - - - - - - - - - - - - - - - - 1.15 | 1.07 | 1.02 1.03 | 1.11 | 1.25 | 0.69 | 1.44 
Q2 - - - - - - - - - - - - - - - - - - - 0.60 | 1.01 | 1.01 0.83 | 0.56 | 0.66 ] 1.18 | 0.71 
Q3 - - - - - - - - - - - - - - - - - - - 0.77 | 0.88 | 1.22 1.05 | 1.44 | 1.10 | 0.74 | 0.80 
Q4 - - - - - - - - - - - - - - - - - - - 0.98 | 0.83 | 1.21 0.71 | 1.27 | 1.14 | 0.81 | 0.87 
dp Ql - - - - - - - - - - - - - - - - - - - - - - 0.69 | 0.89 | 1.16 | 0.83 | 0.92 
Q2 - - - - - - - - - - - - - - - - - - - - - - 1.08 | 1.27 | 1.61 | 1.28 | 0.83 
Q3 - - - - - - - - - - - - - - - - - - - - - - 1.13 | 1.26 | 0.81 | 1.00 | 1.02 
Q4 - - - - - - - - - - - - - - - - - - - - - - 1.29 | 1.37 | 0.99 | 1.16 | 0.84 
VB]Q1 - - - - - - - - - - - - - - - - - - - - - - - - 1.49 | 1.01 | 1.51 | 1.32 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - 0.96 | 0.67 | 1.25 | 0.77 
Q3 - - - - - - - - - - - - - - - - - - - - - - - - 0.48 | 1.04 | 1.02 | 0.95 
Q4 - - - - - - - - - - - - - - - - - - - - - - - - 1.43 | 0.67 | 1.37 | 0.62 


Table 31: CNF-PD ,? 


values for @ across parameter quartile combinations. 
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C.3 1LODBI 
C.3.1 Natural Distribution 


P, We Op 
Qi] Q2] Q3) Qi) Qi) Q@2] Q3] Qi] Qi) Q2] a3) ar] ai Qi | Qi Qa 
Oc Q1 | 0.90 | 0.95 | 0.89 | 0.96 | 1.22 | 1.92 | 1.04 | 1.44 | 0.63 | 0.69 | 1.47 | 0.75 | 1.16 1.75 | 1.40 0.88 
Q2 | 1.14] 1.11] 0.78 | 0.97 | 0.81 | 0.66 | 0.91 | 0.95 | 1.06 | 0.69 | 1.07 | 0.91 | 0.61 -50 | 0.69 0.97 
Q3 | 0.85 | 1.04 | 0.85 | 1.23 | 1.08 | 1.72 | 0.86 | 0.77 | 0.85 | 1.62 | 0.92 | 1.16 | 0.44 0.76 | 0.90 0.89 
Q4 | 1.20 | 1.13 | 1.12 | 1.29 | 0.85 | 1.20 | 1.27 | 0.96 | 1.09 | 0.54 | 1.14 | 0.74 | 1.23 1.01 | 1.17 1.05 
P, Ql - - - - 0.78 | 0.72 | 1.55 | 1.50 | 1.20 | 0.82 | 1.23 | 1.36 | 0.71 -50 | 0.90 0.55 
Q2 - - - - 0.88 | 0.81 | 1.27 | 0.72 | 0.92 | 0.96 | 0.99 | 0.64 | 0.61 0.89 | 0.87 1.03 
Q3 - - - - 0.83 | 0.92 | 0.96 | 0.51 | 1.10 | 0.72 | 0.67 | 0.60 | 0.71 1.07 | 0.64 0.96 
Q4 - - - - 0.78 | 0.74 | 1.24 | 1.14 | 0.38 | 1.05 | 0.96 | 1.12 | 0.59 1.22 | 0.70 0.71 
We Ql - - - - - - - - 1.12 | 0.93 | 1.47 | 0.79 | 0.68 1.20 | 0.72 0.82 
Q2 - - - - - - - - 0.98 | 1.70 | 1.00 | 0.84 | 0.80 1.16 | 0.67 0.77 
Q3 - - - - - - - - 0.51 | 0.89 | 0.83 | 0.77 | 0.82 0.93 | 1.11 0.86 
Qt - - - - - - - - 0.78 | 0.76 | 0.91 | 0.48 | 0.80 1.12 | 0.62 0.78 
Op Ql - - - - - - - - - - - - 0.65 1.02 | 1.68 0.89 
Q2 - - - - - - - - - - - - 0.58 0.94 | 0.74 0.64 
Q3 - - - - - - - - - - - - 0.54 1.02 | 0.46 0.65 
Q4 - - - - - - - - - - - - 0.70 0.62 | 0.96 1.04 
P, |Qil- [- : : : : 2 7 a) So aart| 1.07 | 0.59 0.86 
Q2 - - - - - - - - - - - - - 1.18 | 1.03 0.77 
Q3 - - - - - - - - - - - - - 1.53 | 0.94 0.96 
Q4 - - - - - - - - - - - - - 1.08 | 0.57 0.80 
wp, | QL - - - - - - - - - - - - - 0.83 | 0.79 0.93 
Q2 - - - - - - - - - - - - - 1.21 | 1.10 1.31 
Q3 - - - - - - - - - - - - - 1.21 | 1.03 1.56 
Q4 - - - - - - - - - - - - - 1.19 | 0.49 0.87 
ad, |Qil - | - 2 z 5 . = 7 S| eet ses oe 1.27 | 0.87 0.76 
Q2 - - - - - - - - - - - - - 1.09 | 0.96 0.71 
Q3 - - - - - - - - - - - - - 1.40 | 1.42 0.79 
Q4 - - - - - - - - - - - - - 0.97 | 1.32 0.95 
VB |Q1 - - - - - - - - - - - - - - - - - - - - - - - - - - 0.63 1.00 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - - - 0.58 0.92 
Q3 - - - - - - - - - - - - - - - - - - - - - - - - - - 1.09 1.21 
Q4 - - - - - - - - - - - - - - - - - - - - - - - - - - 0.83 0.89 
a ee 
Table 32: /ODBI y? values for r, across parameter quartile combinations. 
Pe We Op dy VB B, 
QQ] a) a lqalal;@) aya; alq) esa] q Qi] Q@2 |] Qs) Qi Qs] Qi] Qi, Q2] Qa) Qi 
Oe Q1 | 0.84 | 0.58 | 0.75 | 1.02 | 0.77 | 0.91 | 0.58 | 0.95 | 1.16 | 0.86 | 1.37 | 0.96 | 0.99 1.31] 1.51 | 0.69 | 1.28 0.79 | 1.26 | 0.68 | 1.23 | 1.38 | 0.84 
Q2 | 1.04 | 0.50 | 1.14] 0.77 | 1.21 | 0.50 | 0.92 | 0.95 | 1.04 | 1.00 | 0.53 | 1.45 | 0.89 0.66 | 0.73 | 0.48 | 1.21 0.95 | 0.80 | 1.13 | 0.71 | 1.17 | 0.89 
Q3 | 0.73 | 1.02 | 0.94 | 0.81 | 0.97 | 1.21 | 0.89 | 0.66 | 0.83 | 0.79 | 0.85 | 1.13 | 0.87 0.92 | 1.10 | 0.98 | 0.65 0.78 | 0.54 | 0.56 | 0.69 | 0.47 | 1.31 
Q4 | 0.60 | 0.99 | 0.84 | 0.84 | 1.49 | 0.74 | 1.50 | 1.14 | 0.94 | 1.01 | 0.81 | 0.74 ] 1.17 0.36 | 0.73 | 1.08 | 0.99 0.49 | 0.88 | 0.64 | 1.01 | 0.54 | 0.89 
Ee Ql - - - - 0.80 | 1.02 | 0.59 | 0.86 | 1.07 | 0.56 | 1.03 | 0.98 | 0.97 0.42 | 0.93 | 0.74 | 0.82 0.97 | 0.60 | 0.54 | 1.10 | 0.76 | 1.14 
Q2 - - - - 1.02 | 0.77 | 0.94 | 1.35 | 0.87 | 0.79 | 0.62 | 0.82 | 0.87 1.16 | 0.91 | 1.79 | 0.98 0.83 | 0.92 | 0.76 | 0.56 | 0.62 | 0.37 
Q3 - - - - 0.98 | 0.66 78 | 1.01 | 0.98 | 0.95 | 0.85 | 0.89 | 1.06 0.84 | 0.92 | 0.42 | 1.15 0.73 | 1.28 | 1.23 | 0.51 | 0.88 | 0.81 
Q4 - - - - 0.60 | 1.03 | 0.69 | 1.14 | 1.15 | 0.99 | 0.93 | 0.95 | 1.20 1.12 | 1.01 | 1.42 | 0.60 0.76 | 1.24 | 1.20 | 0.93 | 0.75 | 1.25 
We Ql - - - - - - - - 0.98 | 0.57 | 0.96 | 2.00 | 0.62 0.34 | 1.04 | 0.51 | 0.83 0.80 | 0.82 | 1.30 | 1.15 | 0.58 | 0.82 
Q2 - - - - - - - - 0.99 | 0.65 | 1.30 | 0.77 | 0.98 | 0.84 1.05 | 1.12 | 1.38 | 0.69 0.68 | 1.13 | 0.87 | 1.30 | 0.93 | 0.71 
Q3 - - - - - - - - 0.64 | 1.07 | 0.87 | 0.96 | 1.65 | 0.80 | 0.61 | 1.41 ] 1.37 ] 1.15 | 0.91 | 0.62 | 1.20 | 0.72 ] 0.71 | 0.66 0.80 | 1.32 | 1.09 | 1.14 | 0.67 | 1.05 
Q4 - - - - - - - - 0.51 | 1.07 | 0.89 | 0.62 | 0.84 | 0.99 | 1.03 | 0.66 | 0.98 | 0.57 | 0.66 | 0.73 | 0.64 | 1.37 ] 1.12 | 0.93 1.03 | 1.13 | 0.89 | 1.31 ] 1.16 | 0.76 
Op Ql - - - - - - - - - - - - 1.26 | 1.08 | 0.82 | 0.86 | 0.94 | 0.74 | 0.78 | 0.81 | 0.67 | 0.61 | 1.19 | 0.38 1.03 | 1.33 | 0.70 | 0.98 | 1.24 | 0.78 
Q2 - - - - - - - - - - - - 0.80 | 1.03 | 0.78 | 0.65 | 0.71 | 0.80 | 1.12 | 1.03 | 1.23 | 1.00 | 1.35 | 0.79 1.00 | 0.79 | 0.85 | 1.01 | 0.32 | 0.96 
Q3 - - - - - - - - - - - - 0.77 | 0.72 | 1.32 | 1.14 | 1.11 | 0.93 | 0.89 | 1.27 | 1.14 | 0.47 | 0.60 | 0.65 1.11 | 0.96 | 0.61 | 0.92 | 0.78 | 0.57 
Q4 - - - - - - - - - - - - 1.34 | 1.04 | 1.01 | 0.90 | 0.93 | 1.04 | 1.20 | 0.81 | 0.67 | 1.23 | 1.03 | 1.35 0.76 | 0.71 | 0.67 | 1.15 | 1.25 | 0.59 
P, {Ql - - - - - - - - - - - - - - - - 1.54 | 0.91 | 0.85 | 1.31 | 0.91 | 1.13 |] 1.15 | 1.28 0.52 | 1.16 | 1.17 | 1.11 | 0.55 | 1.00 
Q2 - - - - - - - - - - - - - - - - 0.78 | 0.47 | 0.97 | 0.64 | 0.76 | 1.41 | 0.43 | 1.48 0.78 | 0.95 | 1.30 | 1.00 | 0.81 | 0.40 
Q3 - - - - - - - - - - - - - - - - 0.80 ] 0.86 | 1.11 | 1.37 | 0.82 | 1.02 | 1.17 | 1.04 1.27 | 0.83 | 1.10 | 0.69 | 0.84 | 0.76 
Qt - - - - - - - - - - - - - - - - 0.79 | 1.12 | 0.78 | 0.91 | 1.07 | 1.40 | 1.19 | 0.71 0.99 | 0.77 | 1.11 ] 0.81 | 0.82 | 0.97 
wp, | QI - - - - - - - - - - - - - - - - - - - - 0.70 | 1.21 | 0.91 | 0.89 1.00 | 1.39 | 1.48 | 0.63 | 0.77 | 1.78 
Q2 - - - - - - - - - - - - - - - - - - - - 0.65 | 0.75 | 0.78 | 1.32 1.28 | 0.68 | 0.84 | 1.44 | 1.25 | 1.00 
Q3 - - - - - - - - - - - - - - - - - - - - 1.34 | 1.11 | 0.75 | 0.52 0.74 | 0.71 | 1.19 | 0.82 | 0.39 | 0.75 
Qt - - - - - - - - - - - - - - - - - - - - 0.75 | 0.84 | 1.20 | 1.09 0.99 | 1.57 | 1.01 | 1.26 | 0.80 | 1.21 
dp Ql - - - - - - - - - - - - - - - - - - - - - - - - 1.42 | 0.92 | 0.59 | 1.26 | 0.58 | 0.98 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - 1.26 | 0.76 | 0.92 | 1.04 ] 1.09 | 0.94 
Q3 - - - - - - - - - - - - - - - - - - - - - - - - 0.98 | 0.74 | 1.45 | 0.88 | 0.88 | 0.59 
Q4 - - - - - - - - - - - - - - - - - - - - - - - - 0.73 | 0.96 | 0.69 | 0.70 | 1.02 | 1.00 
VB| Ql - - - - - - - - - - - - - - - - - - - - - - - - - - 0.91 | 0.88 | 0.35 | 1.24 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - - - 1.37 | 1.09 | 0.35 | 0.85 
Q3;| a2 ales F : = z : : : ca ae ie eas a ee - : 5 : : : : E > [= 0.67 [0.94 | 0.90 | 0.88 
Ort - T- zi : : 5 z = 7 ee ee : 5 : S 2 Z : ‘ > [> [131 71.23 7057 | 0.98 


Table 33: 1ODBI x? values for %, across parameter quartile combinations. 


50 


P, We op P, B, 

Qi] Q2] a3) Qi) QI] Q2] Qs) ai} Qiy aq? |] a3 )arl)aqiry az] a Od Ql] Q2] a3] Qf 

Oc Q1 | 0.88 | 1.14 | 0.88 | 0.95 | 1.07 | 0.59 | 1.58 | 0.64 | 0.59 | 1.35 | 1.03 | 0.57 | 0.43 | 0.80 | 1.01 0.54 0.67 | 1.16 | 0.96 | 0.58 
Q2 | 0.98 | 0.48 | 1.23 | 1.03 | 0.55 | 1.25 | 0.88 | 0.81 | 0.72 | 0.98 | 1.13 | 1.05 | 0.83 | 0.81 | 0.48 1.34 0.72 | 0.87 | 1.04 | 1.38 

Q3 | 0.89 | 0.66 | 0.39 | 0.71 | 0.75 | 0.99 | 0.97 | 1.20 | 1.28 | 1.13 | 0.66 | 0.94 | 0.73 | 0.85 | 0.80 0.43 0.53 | 1.03 | 0.75 | 0.69 

Q4 | 1.19 | 0.71 | 0.61 | 1.16 | 0.88 | 1.20 | 0.75 | 0.87 | 0.87 | 0.80 | 0.78 | 1.04 | 1.23 | 0.73 | 0.62 0.58 1.14 | 1.03 | 0.51 | 0.63 

P, Ql - - - - 0.79 | 0.87 | 0.6’ -O7 | 0.97 | 0.80 | 0.61 | 0.46 | 0.72 | 0.89 | 0.72 0.66 1.07 | 1.12 | 1.25 | 1.16 
Q2 - - - - 1.04 | 1.19 | 0.46 | 0.98 | 0.92 | 1.17 | 0.84 | 0.63 | 1.24 | 0.82 | 0.69 0.79 0.55 | 0.64 | 1.02 | 0.91 

Q3 - - - - 0.81 | 0.93 | 0.66 | 0.62 | 0.81 | 1.09 | 0.69 | 0.85 | 1.09 | 0.94 | 0.68) 0.34 0.57 | 1.29 | 0.77 | 1.00 

Q4 - - - - 1.30 | 1.04 | 1.25 | 1.04 | 0.62 | 0.52 | 1.04 ] 1.25 | 1.11 | 0.79 | 1.06 1.10 0.65 |] 0.94 | 0.89 | 0.88 

We Ql - - - - - - - - 0.62 | 0.96 | 0.63 | 0.83 54 | 0.68 | 0.77 0.43 0.94 | 0.82 | 0.46 | 0.99 
Q2 - - - - - - - - 0.88 | 1.08 | 0.71 | 0.93 | 1.27 | 0.87 | 0.97 0.58 0.71 | 1.49 | 0.74 | 0.49 

Q3 - - - - - - - - 0.76 | 1.35 | 0.78 | 0.46 | 1.31 | 0.95 | 1.02 0.56 0.78 | 1.01 | 0.52 | 0.98 

Q4 - - - - - - - - 1.04 | 0.96 | 0.59 | 1.10 52 | 0.51 | 1.17 0.44 1.13 | 0.64 | 1.08 | 1.12 

op Ql - - - - - - - - - - - - 1.61 | 0.77 | 0.80 0.23 0.75 | 0.96 | 0.69 | 0.75 
Q2 - - - - - - - - - - - - 0.91 ] 0.79 | 1.13 0.29 0.98 | 0.80 | 0.96 | 1.06 

Q3 - - - - - - - - - - - - 0.99 | 1.14 | 0.50 0.51 0.86 | 0.93 | 0.91 | 0.96 

Q4 - - - - - - - - - - - - 1.16 | 0.40 | 0.58 0.84 0.46 | 1.41 | 0.97 | 1.07 

P, [Ql - - - - - - - - - - - - - - - 0.76 1.04 | 1.07 | 1.41 | 1.27 
Q2 - - - - - - - - - - - - - - - 1.08 0.45 | 0.89 | 1.10 | 0.86 

Q3 - - - - - - - - - - - - - - - 0.36 0.65 | 0.85 | 0.82 | 1.10 

Q4 - - - - - - - - - - - - - - - 0.56 1.21 | 0.86 | 1.27 | 0.75 

wp | QL - - - - - - - - - - - - - - - - - 0.94 | 0.97 | 1.48 | 0.76 
Q2 - - - - - - - - - - - - - - - - - 0.72 | 0.66 | 0.83 | 1.17 

Q3 - - - - - - - - - - - - - - - - - 0.65 | 0.87 | 0.73 | 0.98 

Q4 - - - - - - - - - - - - - - - - - 0.29 | 0.98 | 1.34 | 0.80 

dp Ql - - - - - - - - - - - - - - - - - 1.19 | 0.58 | 1.08 | 0.75 
Q2 - - - - - - - - - - - - - - - - - 0.88 | 1.13 | 0.74 | 1.13 

Q3 - - - - - - - - - - - - - - - - - 0.58 ] 1.18 | 0.72 | 0.95 

Q4 - - - - - - - - - - - - - - - - - 0.83 | 0.82 | 0.99 | 1.40 
VB]QI - - - - - - - - - - - - - - - - - 0.83 | 1.25 | 0.99 | 0.73 
Q2 - - - - - - - - - - - - - - - - - 0.77 | 0.80 ] 0.64 | 1.27 

Q3 - - - - - - - - - - - - - - - - - 0.82 | 1.01 | 0.97 | 0.61 

Q4 - - - - - - - - - - - - - - - - - 0.76 | 0.95 | 0.79 | 0.74 

Table 34: 1ODBI y? values for v across parameter quartile combinations. 
P. We B, 

Qi) Q2] a3) Qf) Ql] Q2] Qs] ai on Qi] Q2] a3] Qt 

Oc Q1 | 1.20 | 0.80 | 1.02 | 0.63 | 0.99 53 | 0.67 | 0.94 0.82 0.80 | 0.65 | 0.87 | 0.55 
Q2 | 0.71 | 0.53 | 0.87 | 1.08 | 0.78 | 0.84 | 1.16 | 1.01 1.09 1.00 | 1.10 | 0.59 | 0.79 

Q3 | 0.90 | 1.08 | 0.70 | 1.02 | 1.10 | 0.84 | 1.12 | 1.30 1.24 0.68 | 1.59 | 1.12 | 0.52 

Q4 | 1.11 | 0.72 | 0.94 | 0.97 | 1.25 | 1.30 | 0.98 | 0.70 1.06 0.86 | 0.50 | 1.24 | 1.26 

P; Ql - - - - 1.28 | 0.82 | 1.11 | 1.20 0.67 0.75 | 0.77 | 1.16 | 0.97 
Q2 - - - - 0.41 | 0.51 | 0.91 | 0.82 0.86 0.68 | 0.46 | 0.99 | 0.96 

Q3 - - - - 1.32 | 0.86 | 0.76 | 1.14 1.30 0.46 | 0.78 | 0.69 | 1.15 

Q4 - - - - 1.40 | 0.61 | 0.88 | 0.97 0.71 0.85 |] 1.26 | 0.67 | 0.95 

We Ql - - - - - - - - 1.32 0.82 | 1.14 | 0.99 | 1.13 
Q2 - - - - - - - - 0.69 0.79 | 0.67 | 0.64 | 0.86 

Q3 - - - - - - - - 1.36 1.11 | 0.83 | 0.88 | 0.95 

Q4 - - - - - - - - 0.69 0.78 | 1.51 | 0.58 | 0.79 

Op Ql - - - - - - - - 0.99 0.71 | 0.92 | 1.05 | 0.83 
Q2 - - - - - - - - 0.86 1.23 | 1.10 | 0.56 | 0.57 

Q3 - - - - - - - - 0.53 0.60 | 0.72 | 0.64 | 0.98 

Q4 - - - - - - - - 1.26 0.62 | 0.64 | 0.98 | 0.81 

Pr. [QL - - - - - - - - 0.90 0.90 | 0.71 | 0.62 | 0.68 
Q2 - - - - - - - - 0.93 0.90 | 1.44 | 0.86 | 0.63 

Q3 - - - - - - - - 0.61 0.89 | 0.63 | 0.96 | 1.00 

Q4 - - - - - - - - 111 0.83 | 1.14 | 0.89 | 0.76 

wp | QL - - - - - - - - - 0.89 | 0.72 | 0.50 | 1.04 
Q2 - - - - - - - - - - - - - - - - - 0.74 | 1.24 | 0.57 | 1.09 

Q3 - - - - - - - - - - - - - - - - - 1.03 | 1.06 | 0.58 | 0.96 

Q4 - - - - - - - - - - - - - - - - - 0.61 | 1.27 | 1.13 | 1.30 

dp Ql - - - - - - - - - - - - - - - - - 0.96 | 0.89 | 1.07 | 0.67 
Q2 - - - - - - - - - - - - - - - - - 0.80 | 1.30 | 0.77 | 0.75 

Q3 - - - - - - - - - - - - - - - - - 0.75 | 0.51 | 0.86 | 0.49 

Q4 - - - - - - - - - - - - - - - - - 0.91 | 0.84 | 0.84 | 1.31 
VB]Q1 - - - - - - - - - - - - - - - - - 1.05 | 0.91 | 0.64 | 0.99 
Q2 - - - - - - - - - - - - - - - - - 0.97 | 0.89 | 0.97 | 0.77 

Q3 - - - - - - - - - - - - - - - - - 0.79 | 1.29 | 0.93 | 1.13 

Q4 - - - - - - - - - - - - - - - - - 0.87 | 0.59 | 0.77 | 0.71 


Table 35: 1ODBI y? values for ¢ across parameter quartile combinations. 
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P; Ww, Op » Wp d, VB 
Qi] Q2) a3) 27 Qi, @) 37) QQ] es arf aye) By a aye] By a aye, By a ayeyeayaa 
Oc Ql] | 0.87 | 1.04 | 0.88 | 1.14 | 0.71 | 0.82 | 1.30 | 0.83 | 0.87 | 0.89 | 0.73 | 0.88 | 1.78 | 0.96 | 0.60 | 0.69 | 1.20 | 1.04 | 1.14 | 0.74 | 1.40 | 1.20 | 1.15 | 0.91 | 0.92 | 0.64 | 0.85 | 1.23 | 1.11 
Q2 | 0.63 | 1.16 | 0.87 | 1.28 | 0.70 | 0.77 | 1.10 | 1.24 | 0.60 | 0.70 | 0.63 | 0.93 | 0.35 | 0.55 | 1.32 | 1.08 | 0.65 | 0.98 54 | 0.90 | 0.79 | 0.75 | 0.91 | 1.13 | 0.72 | 0.73 | 1.02 | 1.19 | 0.74 
Q3 | 1.19 | 0.67 | 0.81 | 1.25 | 1.08 | 1.84 | 0.98 | 0.83 | 1.19 | 0.92 | 1.17 | 0.91 | 1.25 | 1.38 | 1.12 | 1.24 | 1.08 | 0.87 | 1.46 | 0.63 | 1.23 | 1.41 | 0.62 | 1.15 | 1.23 | 0.58 | 1.19 | 0.73 | 1.39 
Q4 | 0.77 | 0.43 | 0.98 | 0.78 | 0.93 | 0.78 | 0.83 | 0.60 | 0.79 | 0.74 | 1.34 | 1.15 | 0.88 | 1.53 | 0.79 | 1.01 | 0.79 | 0.83 | 1.60 | 0.64 | 1.02 | 1.18 | 0.95 | 0.89 | 0.87 | 0.92 | 1.28 | 0.99 | 1.22 
P, Ql - - - - 0.57 | 0.43 79 | 1.08 | 1.06 | 0.68 | 0.59 | 0.77 | 0.99 | 0.77 | 0.69 | 1.36 | 0.90 | 1.14 | 0.66 | 0.31 | 1.77 | 0.91 | 0.79 | 0.97 | 1.19 | 0.67 | 0.96 | 0.86 | 1.05 
Q2 - - - - 0.79 | 1.31 | 0.67 | 0.69 | 1.05 | 1.32 | 1.06 | 0.69 | 1.22 | 1.19 | 0.75 | 0.42 | 0.75 | 0.85 | 0.85 | 0.39 | 0.65 | 0.64 | 0.48 |] 0.69 | 0.56 | 1.01 | 0.70 | 0.73 | 0.95 
Q3 - - - - 0.93 | 0.67 | 0.57 | 1.52 | 0.96 | 0.70 | 0.69 | 0.82 | 1.27 | 1.89 | 1.45 | 0.88 | 1.68 | 0.61 | 0.98 | 0.92 | 1.20 | 0.99 | 1.02 | 1.15 | 0.98 | 0.90 1.99 
Qt - - - - 1.10 | 1.25 | 1.38 ] 1.01 | 0.97 | 0.74 | 1.45 | 1.22 | 0.86 | 0.56 | 0.80 ] 1.20 | 0.75 | 0.88 | 1.00 | 1.11 | 0.76 | 1.18 ] 1.13 ] 0.80 | 0.59 | 0.96 1.13 
We Ql - - - - - - - - 0.78 | 1.17 | 0.90 | 1.09 | 1.18 | 0.76 | 1.41 | 0.68 | 0.58 | 0.78 | 1.08 | 1.02 | 1.01 | 0.64 | 0.66 | 1.43 | 0.98 | 0.37 1.56 
Q2 - - - - - - - - 0.70 | 0.54 | 0.91 | 0.77 | 0.94 | 1.28 | 0.60 | 0.67 | 1.05 | 0.91 | 1.42 | 0.53 | 1.28 | 0.67 | 0.92 | 0.69 | 0.85 | 1.15 | 1.01 | 0.94 | 0.74 
Q3 - - - - - - - - 0.79 | 0.75 | 1.08 | 1.24 | 0.77 | 1.09 | 0.83 | 1.05 | 1.05 | 1.04 | 0.63 | 1.09 | 0.81 | 1.46 | 0.90 | 0.98 | 0.61 | 0.69 | 0.61 | 1.73 | 1.22 
Q4 - - - - - - - - 0.93 | 1.02 | 0.83 | 1.13 | 1.17 | 1.18 | 0.78 | 0.94 | 1.36 | 0.65 | 1.48 | 0.45 | 1.17 | 1.01 | 0.99 | 1.04 | 0.85 | 1.01 | 1.20 | 0.86 | 1.29 
op Ql - - - - - - - - - - - - 0.97 | 1.16 | 0.72 | 0.82 | 1.00 | 0.99 | 0.73 | 1.17 | 0.64 | 1.06 | 0.85 | 0.55 | 0.79 | 1.23 | 0.95 | 0.84 | 1.17 
Q2 - - - - - - - - - - - - 0.63 | 1.06 | 1.12 | 0.74 | 0.74 | 0.72 | 0.68 | 0.71 ] 1.30 | 1.71 | 1.57 | 1.13 ] 0.97 | 0.63 | 0.78 | 0.99 | 1.02 
Q3 - - - - - - - - - - - - 0.95 ] 0.91 | 0.56 | 1.09 | 0.80 | 0.66 | 0.84 | 1.10 ] 1.46 | 0.70 | 0.60 | 1.48 ] 0.77 | 0.74 | 1.05 | 1.29 | 1.49 
Q4 - - - - - - - - - - - - 1.13 | 1.27 | 0.56 | 0.83 ] 1.12 | 1.22 | 1.33 | 0.75 | 0.67 | 1.17 | 1.33 ] 0.99 | 0.63 | 1.38 | 0.82 ] 1.20 | 0.95 
P, [Ql - - - - - - - - - - - - - - - - 1.01 | 1.63 | 0.76 | 0.77 | 0.71 | 1.09 | 1.15 | 0.84 | 0.96 | 1.01 | 1.35 | 1.64 | 0.89 
Q2 - - - - - - - - - - - - - - - - 1.21 | 1.50 | 1.04 | 1.21 | 1.02 | 1.05 | 1.30 | 1.27 | 0.99 | 0.79 | 1.01 | 1.15 | 0.95 
Q3 - - - - - - - - - - - - - - - - 1.23 | 0.83 | 0.76 | 1.29 | 1.69 | 0.63 | 1.26 | 1.01 | 0.77 | 1.15 | 0.92 | 0.78 | 0.92 
Q4 - - - - - - - - - - - - - - - - 0.84 | 1.13 | 1.40 | 0.64 | 1.01 | 0.71 | 1.36 | 0.64 | 1.17 | 0.67 | 0.54 | 0.72 | 1.06 
wp | QL - - - - - - - - - - - - - - - - - - - - 1.18 | 1.14 | 1.22 | 0.98 |] 1.12 | 0.85 | 0.77 | 1.05 | 0.82 
Q2 - - - - - - - - - - - - - - - - - - - - 0.87 | 0.80 | 0.95 | 1.08 | 1.03 | 0.82 | 0.92 | 0.91 | 0.88 
Q3 - - - - - - - - - - - - - - - - - - - - 1.22 | 1.65 | 0.69 | 1.01 ] 1.30 | 1.30 | 1.12 | 1.61 | 1.11 
Q4 - - - - - - - - - - - - - - - - - - - - 1.44 | 1.41 | 0.52 | 0.80 | 0.91 | 0.54 | 1.89 | 0.71 | 1.01 
dp Ql - - - - - - - - - - - - - - - - - - - - - - - - 1.19 | 1.49 | 0.95 | 1.43 | 1.34 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - 1.01 | 0.78 | 0.97 | 0.82 | 1.45 
Q3 - - - - - - - - - - - - - - - - - - - - - - - - 1.04 | 0.79 | 0.93 | 1.28 | 1.13 
Q4 - - - - - - - - - - - - - - - - - - - - - - - - 1.28 | 1.11 | 0.91 | 1.35 | 1.75 
VBTQiy- - 7 - 3 z Z = : z : : : ; z : E Z : 2 5 5 : > [1.01 
QT - 2 z = E : : : : 7 : 5 : 2 : 7 : z : = 7 2 2 5 : 3 > [1.57 
Table 36: 1ODBI y? values for 0 across parameter quartile combinations. 
; : 
C.3.2 Adaptive Sampling 
P, W, op 5 Wp d, B, 
Qi) Q2] a3) Qf) QI] Q2] Qs) ar) Qqry aq? |] oa )arlaqryaqz) Qs) ar; aqiry Q2] O37) Qi] Qi] Q2z] a3 QF) Ql] Q2] Q3 7] Qt 
Oc Q1 | 1.16 | 0.95 | 0.75 | 0.73 | 0.89 | 0.72 | 0.69 | 1.05 | 1.28 | 0.85 | 0.97 | 1.25 | 0.98 | 1.09 | 0.71 | 1.08 | 1.28 | 0.81 | 1.11 | 1.25 | 1.04 | 0.74 | 0.82 1.05 | 1.01 | 0.91 | 0.99 | 0.72 
Q2 | 1.27 | 1.07 | 0.54 | 0.68 | 0.87 | 1.12 | 0.79 | 1.10 | 1.34 | 0.81 | 0.78 | 0.76 | 1.39 | 0.87 | 1.11 | 1.63 | 0.74 | 0.90 | 0.76 | 0.79 | 1.33 | 0.63 | 0.91 0.89 | 1.09 | 1.08 | 1.10 | 0.62 
Q3 | 1.08 | 1.30 | 0.64 | 0.85 | 1.24 | 0.81 | 0.46 | 0.84 | 0.90 | 0.99 | 0.59 | 1.10 | 0.78 | 1.11 | 0.86 | 1.11 | 1.34 | 0.80 | 0.94 | 0.90 | 0.64 | 0.57 | 0.85 0.42 | 0.87 | 0.55 | 1.07 | 0.45 
Q4 | 0.97 | 1.01 | 1.02 | 0.47 | 0.90 | 1.61 | 0.96 | 0.83 | 1.11 | 0.71 | 0.61 | 1.23 | 0.84 | 0.52 | 1.07 | 1.45 | 1.35 | 1.04 | 1.34 | 0.84 | 1.51 | 0.61 | 1.48 0.76 | 1.20 | 0.78 | 0.86 | 1.23 
P. Ql - - - - 1.05 | 1.17 | 0.93 } 1.15 | 1.21 | 1.23 | 0.87 | 1.52 | 1.44 | 0.58 | 1.29 | 0.96 |} 1.26 | 1.13 | 0.91 | 1.35 | 0.93 | 0.98 | 1.64 0.83 | 0.93 ] 0.88 | 1.05 | 1.22 
Q2 - - - - 0.90 | 1.29 | 1.34 | 1.23 | 1.03 | 1.39 | 0.57 | 0.87 | 1.96 | 0.57 | 0.98 | 0.78 | 1.44 | 0.76 | 0.64 | 0.88 | 1.25 | 1.03 | 0.39 1.04 | 1.40 | 0.71 | 1.10 | 0.78 
Q3 - - - - 0.61 ] 1.06 | 1.36 | 1.28 | 1.18 | 0.92 | 0.41 | 1.11 | 0.99 | 1.04 | 0.49 | 1.59 ] 1.40 | 1.29 | 1.72 | 0.70 | 0.98 | 0.92 | 0.48 1.10 | 1.49 | 0.71 | 0.66 | 1.19 
Q4 - - - - 1.02 | 0.77 | 0.83 | 0.56 | 0.69 | 0.61 | 0.99 | 1.13 | 1.13 | 1.03 | 1.21 ] 1.31 | 0.52 | 1.33 | 0.79 | 0.76 | 1.32 | 0.74 | 0.60 0.84 ] 1.00 ] 0.84 | 1.11 | 1.12 
We Ql - - - - - - - - 1.03 | 0.56 | 0.70 | 0.79 | 1.24 | 1.02 | 0.54 | 0.57 | 1.00 | 0.57 | 1.03 | 0.89 | 0.88 | 0.87 | 0.85 0.60 | 0.97 | 0.63 | 0.88 | 0.78 
Q2 - - - - - - - - 1.32 | 0.78 | 1.00 | 1.08 | 0.85 | 1.38 | 1.35 | 0.96 | 1.66 | 1.04 | 0.81 | 0.74 | 0.82 | 0.62 | 0.95 0.73 | 1.21 | 0.80 | 0.83 | 0.76 
Q3 - - - - - - - - 1.73 | 1.18 | 0.90 | 0.57 | 1.04 | 1.07 | 1.29 | 1.01 | 0.72 | 0.90 | 1.11 | 0.75 | 1.13 | 1.07 | 1.02 0.74 | 0.96 | 0.92 | 0.78 | 1.59 
Q4 - - - - - - - - 1.09 | 1.20 | 0.95 | 1.58 | 1.46 | 1.35 | 0.87 | 0.84 | 1.46 | 0.74 | 1.02 | 1.12 | 1.65 | 1.05 | 0.48 0.99 | 1.81 | 0.56 | 1.13 | 1.15 
op Ql - - - - - - - - - - - - 0.81 | 0.79 | 1.02 | 1.96 | 1.03 } 1.25 | 1.45 | 0.75 | 0.77 | 0.64 | 2.10 1.65 | 0.78 | 0.62 | 1.23 | 2.02 
Q2 - - - - - - - - - - - - 1.29 | 1.48 | 1.05 | 1.47 | 1.33 | 1.69 | 0.99 | 0.68 ] 1.01 | 1.08 | 0.69 0.65 | 1.67 | 0.92 | 0.94 | 0.65 
Q3 - - - - - - - - - - - - 0.76 | 0.74 | 0.51 | 1.04 | 1.46 | 0.65 57 | 0.90 | 0.69 | 0.60 | 0.84 57 | 1.32 ] 0.83 | 1.06 | 1.16 
Qt - - - - - - - - - - - - 1.69 | 0.96 | 1.46 | 1.01 | 1.04 | 1.09 | 1.04 | 1.09 ] 1.56 | 0.88 | 0.99 1.19 | 1.44 | 0.54 | 1.45 | 1.18 
P, {Ql - - - - - - - - - - - - - - - - 1.01 | 0.58 | 1.12 | 0.98 | 1.58 | 1.48 | 1.17 0.69 | 0.99 | 1.30 | 1.14 | 0.87 
Q2 - - - - - - - - - - - - - - - - 1.43 | 0.67 | 0.82 | 1.11 | 0.81 | 0.91 | 1.17 1.38 | 0.99 | 0.85 | 1.45 | 1.37 
Q3 - - - - - - - - - - - - - - - - 1.38 | 0.97 | 0.85 | 1.13 | 1.05 | 0.69 | 1.38 0.88 | 0.77 | 0.71 | 1.11 | 1.10 
Q4 - - - - - - - - - - - - - - - - 1.69 | 0.65 | 0.91 | 1.06 | 1.18 | 0.94 | 1.25 0.93 ] 1.47 | 0.90 | 1.37 | 1.05 
wy | QL - - - - - - - - - - - - - - - - - - - - 1.41 | 0.75 | 2.05 1.37 | 1.69 | 1.00 | 1.69 | 0.72 
Q2 - - - - - - - - - - - - - - - - - - - - 0.91 | 0.84 | 1.06 1.17 | 1.24 | 0.50 | 1.07 | 1.52 
Q3 - - - - - - - - - - - - - - - - - - - - 0.73 | 1.14 | 1.05 0.70 | 1.33 | 0.62 | 0.80 | 1.46 
Q4 - - - - - - - - - - - - - - - - - - - - 1.82 | 1.07 | 1.12 0.74 | 1.14 | 1.06 | 0.68 | 0.82 
dp Ql - - - - - - - - - - - - - - - - - - - - - - - 0.91 | 1.21 | 1.20 | 1.21 | 1.40 
Q2 - - - - - - - - - - - - - - - - - - - - - - - 0.64 ] 0.57 | 0.57 | 0.81 | 1.10 
Q3 - - - - - - - - - - - - - - - - - - - - - - - 1.08 | 1.79 | 0.68 | 0.92 | 0.81 
Q4 - - - - - - - - - - - - - - - - - - - - - - - 1.07 | 0.84 | 0.77 | 1.01 | 1.18 
VBTQil - 7 ; . 5 : , Es : 2 E : : : : : : : zs 3 2 : z : : : : ~ 11.29 | 0.60 | 0.70 | 0.83 
Q2]_- E z z 2 z Z 2 = z : 2 = z : z z zs 2 z 2 z : z : : : > 11.387 70.82 11.29 | 108 
QT - z Z zs : z z : : z f z 7 z Z zs z 2 z z : z : 7 5 E > 11.39 70.53 10.84] 1.30 
Qiy- z : = z z 5 5 z : = z : z z z 2 : = : : = z z z > 10.96 | 0.36] 1.54] 0.97 
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Table 37: 1ODBI y? values for 7, across parameter quartile combinations. 


P; Ww, op d, VB B, 
Qh) @2) a3) Qi/ Qi, @) 37a; ay qs] ayaa Qi] Qiy@) 37a; ary @),ey)ayaqy@)s)ay]a 
Oc Q1 | 1.41 | 0.92 | 0.77 | 1.84 | 1.23 | 1.21 | 1.22 | 1.18 | 1.56 | 0.63 | 1.25 | 1.30 | 1.25 1.27 | 0.95 | 1.18 | 1.23 | 1.44 | 0.93 | 1.27 | 1.04 | 0.89 | 1.24 | 0.89 | 1.34 | 0.95 
Q2 | 0.50 | 1.28 | 0.86 | 1.07 | 1.07 | 0.57 | 0.63 | 1.37 | 1.19 | 0.99 | 1.10 | 0.59 | 1.73 0.73 | 0.74 | 1.14 | 1.08 | 0.60 | 1.20 | 1.09 | 0.69 | 1.49 | 1.43 | 0.84 | 1.01 | 1.19 
Q3 | 0.84 | 1.12 | 0.55 | 0.56 | 0.77 | 0.64 | 0.64 | 1.16 | 0.76 | 0.62 | 0.90 | 0.88 | 1.35 1.23 | 0.90 | 0.86 | 1.00 | 1.77 | 1.19 | 1.27 | 1.36 | 0.85 | 1.09 | 1.01 | 0.75 | 0.56 
Q4 | 1.09 | 0.75 | 1.02 | 1.32 | 0.80 | 0.81 | 1.27 | 1.13 | 0.71 | 0.64 | 0.86 | 1.08 | 1.04 1.08 | 1.75 | 0.99 | 0.74 | 0.69 | 0.74 | 0.88 | 1.13 | 1.26 | 0.95 | 1.34 | 1.32 | 0.72 
P, Ql - - - - 0.81 | 1.12 | 0.86 | 0.87 | 1.02 | 0.75 | 0.66 | 0.73 | 1.67 0.89 | 1.16 | 0.57 | 1.09 | 1.14 ] 0.77 | 1.11 | 0.91 | 0.76 | 0.73 1.09 
Q2 - - - - 1.10 51 | 0.70 | 0.60 | 1.80 | 0.65 | 0.74 | 1.24 | 0.90 0.96 ] 0.98 | 0.81 | 0.90 | 0.85 ] 1.04 | 0.83 | 0.91 | 0.79 | 0.69 1.03 
Q3 - - - - 1.30 | 1.16 | 1.39 | 0.86 | 0.92 | 0.92 | 0.80 | 0.71 | 1.33 1.10 | 1.34 | 1.22 | 1.22 | 1.29 | 0.57 | 1.26 | 0.85 | 1.17 | 0.70 114 
Q4 - - - - 0.92 | 0.89 | 1.03 | 1.82 | 0.42 | 0.80 | 1.83 ] 1.05 | 0.91 1.47 | 1.54 | 0.78 | 0.97 | 0.64 | 1.17 | 1.23 | 0.38 | 1.98 | 0.62 | 1.03 ] 1.21 | 0.78 
We Ql - - - - - - - - 1.48 | 1.34 | 1.15 | 1.00 | 1.24 0.77 | 0.71 | 1.50 | 0.77 | 1.11 | 1.30 | 1.19 | 1.04 | 1.00 | 0.75 | 1.12 | 1.07 | 0.66 
Q2 - - - - - - - - 0.92 | 0.82 | 0.28 | 0.95 | 1.13 1.14 | 1.09 | 0.52 | 1.06 | 0.86 | 0.97 | 0.73 | 1.16 | 0.78 | 0.92 | 0.64 | 1.05 | 0.83 
Q3 - - - - - - - - 1.21 | 1.06 | 1.18 | 1.15 | 0.74 0.76 | 0.81 | 0.88 | 1.26 | 0.78 | 1.29 | 0.85 | 0.97 | 0.86 | 0.66 | 0.84 | 0.75 | 0.88 
Q4 - - - - - - - - 1.20 | 0.54 | 0.98 | 0.78 | 1.17 1.21 | 0.96 | 1.08 | 1.26 | 1.35 | 1.65 | 1.33 | 0.64 | 0.91 | 0.73 | 1.23 | 0.80 | 0.76 
op Ql - - - - - - - - - - - - 1.09 1.03 | 0.72 | 0.85 | 0.97 | 1.00 | 1.03 | 0.66 | 0.60 | 0.91 | 1.13 | 0.90 | 1.01 | 0.74 
Q2 - - - - - - - - - - - - 0.83 1.31 | 0.97 | 0.72 | 0.99 | 0.95 | 1.15 | 1.00 | 1.05 | 1.12 | 0.66 | 1.64 | 0.67 | 0.67 
Q3 - - - - - - - - - - - - 1.07 1.02 | 1.37 | 0.99 | 0.89 | 0.96 | 1.78 | 0.96 | 0.84 | 0.93 | 0.79 | 0.62 | 1.59 | 1.10 
Q4 - - - - - - - - - - - - 0.74 1.00 | 1.39 | 1.50 | 0.71 | 1.47 | 1.07 | 1.37 | 1.23 | 0.73 | 0.99 | 0.73 ] 0.90 | 0.97 
P, [Ql - - - - - - - - - - - - - 1.19 | 0.74 | 0.94 | 1.32 | 1.16 | 0.94 | 0.86 | 1.71 | 0.59 | 1.35 | 1.13 | 1.10 | 1.07 
Q2 - - - - - - - - - - - - - 0.99 | 0.59 | 1.02 | 1.45 | 1.19 | 1.00 | 1.53 | 1.07 | 1.41 | 1.06 | 1.36 | 0.97 | 0.84 
Q3 - - - - - - - - - - - - - 0.49 | 1.22 | 1.03 | 0.53 | 1.59 | 1.12 | 0.82 | 0.69 | 0.76 | 1.41 | 0.84 | 0.68 | 1.00 
Q4 - - - - - - - - - - - - - 1.06 | 1.03 | 1.05 | 0.62 | 0.57 | 0.95 | 0.53 | 1.31 | 1.25 | 1.13 | 1.24 | 1.04 | 0.50 
wp | QL - - - - - - - - - - - - - - - - - - - - 1.28 | 1.15 | 1.25 | 1.08 | 0.63 | 0.79 ] 1.00 | 1.20 | 1.14 | 0.56 | 0.86 | 0.72 
Q2 - - - - - - - - - - - - - - - - - - - - 0.79 | 1.46 | 0.56 | 1.22 | 0.96 | 0.93 | 0.28 | 0.84 | 1.19 | 1.20 | 0.94 | 0.89 
Q3 - - - - - - - - - - - - - - - - - - - - 1.65 | 0.41 | 1.11 | 0.94 ] 1.13 | 1.05 | 0.67 | 1.31 | 0.73 | 1.31 | 1.27 | 0.83 
Q4 - - - - - - - - - - - - - - - - - - - - 0.60 | 1.37 | 1.29 | 1.13 | 1.29 | 1.28 | 0.87 | 1.11 | 0.79 | 1.39 | 1.43 | 0.89 
dp Ql - - - - - - - - - - - - - - - - - - - - - - - - 0.85 | 1.06 | 1.10 | 1.50 | 0.96 | 0.77 | 0.57 | 0.74 
QF) a | ss z : : z : . oy pot Wi eal tami] Gee? [acer ce : z 7 : Z - > 10.58 1.25 | 0.67 | 1.14] 1.08] 0.70 | 1.13 | 0.64 
O3)| 22 shoe z z Z z : : = bel ai] cave Gea, ees z z = . = > [1.08 [1.05 | 1.32] 0.66 | 044] 1.79] Lol | 0.59 
[ay es a z zi : z : a a ee ae ee ee : Z : z z : > 1154 70.88 10.89 | 0.89] 0.94 | 0.94 | 0.67 | 1.22 
VBTQil- | - 7 - 3 z Z = 7 Sree | eet me: ee tel z : E Z : > f. )- | - | - | 081 10.77 | 0.79 | 0.73 
OQ2)| =f oe - : : : : 5 : er le teal al perl tees tee : E : : F : 5 So = [= [ce =e 29s] 2.04 | 1:06,) 1.03 
Q3iae- 1) 2 : 7 : : E : av lpierd|’ =o: al ree kee a cil Oe : z : = 7 2 > P=) = )- |) = | 14271241077 | 0.82 
(aya a ae 5 = z = : : : Selo nea| vers er iiaae ete te 5 : : : 5 : : > —- | - | - | - | 0.84] 1.09 | 1.57 | 0.66 

a batho 
Table 38: 1ODBI x? values for 7, across parameter quartile combinations. 

P. w, Py Wp VB B, 
Qi] Q2] a3) Qf) Ql) Q2] a3] Qi] Qi Ql] Q2] a3) Qf) Ql) Q2] Qs] ar] Qi @ ] ar) Ql) Q2] a3] at 
Oc Q1 | 1.41 | 0.46 | 0.93 | 0.75 | 1.32 | 0.83 | 0.51 | 0.48 | 0.66 0.78 | 0.78 | 1.55 | 1.05 | 0.75 | 1.09 | 1.16 | 0.97 | 0.81 0.62 | 1.08 | 0.75 | 0.66 | 1.04 | 1.56 
Q2 | 0.79 | 0.90 | 1.08 | 1.17 | 1.02 | 1.28 | 1.02 | 0.74 | 0.69 0.78 | 0.98 | 0.57 | 1.29 | 0.96 | 1.00 | 0.48 | 0.73 | 0.53 1.14 | 0.88 | 1.00 | 0.81 | 0.53 | 0.69 
Q3 | 0.86 | 1.18 | 0.71 | 1.20 | 0.90 | 0.73 | 0.99 | 1.47 | 1.12 0.74 | 0.93 | 0.71 | 0.64 | 0.51 | 1.18 | 0.84 | 0.92 | 0.87 0.73 | 0.95 | 0.68 | 0.67 | 1.04 | 0.88 
Q4 | 0.89 | 0.86 | 1.07 | 1.00 | 1.25 | 0.68 | 1.09 | 0.43 | 0.50 0.99 | 1.06 | 0.81 | 0.86 | 0.85 | 0.46 | 1.08 | 0.74 | 0.94 0.72 | 1.03 | 0.71 | 0.86 | 0.73 | 0.96 
P; Ql - - - - 0.95 | 0.66 | 1.31 | 0.74 | 0.77 1.24 | 1.43 | 1.06 | 1.18 | 1.06 | 1.28 | 0.64 | 0.62 | 1.46 1.60 | 0.79 | 0.88 | 1.06 | 0.92 | 1.19 
Q2 - - - - 1.04 | 1.30 | 0.60 | 0.85 | 0.68 0.98 | 1.83 | 0.67 | 0.96 | 0.87 | 0.71 | 0.64 | 0.91 | 1.28 1.32 | 0.87 | 0.88 | 1.08 ] 1.57 | 0.68 
Q3 - - - - 0.95 ] 0.75 | 0.79 | 0.53 | 1.03 0.92 | 0.91 | 0.67 | 1.01 | 0.64 | 0.58 | 0.61 | 0.82 | 0.76 0.65 | 0.54 | 1.10 | 0.92 | 0.75 | 0.65 
Q4 - - - - 1.93 | 0.92 | 0.76 | 0.58 | 1.06 1.05 | 1.06 | 0.89 | 1.08 ] 0.93 | 1.01 | 1.02 | 0.33 | 0.82 1.08 | 0.68 | 1.22 | 0.64 ] 1.01 | 1.16 
We Ql - - - - - - - - 0.87 1.00 | 0.61 | 1.22 | 1.05 | 1.25 | 1.10 | 0.99 | 0.43 | 1.25 0.80 | 1.57 | 0.80 | 1.57 | 0.94 | 1.25 
Q2 - - - - - - - - 0.84 0.88 | 1.13 | 0.84 | 1.09 | 0.82 | 0.88 | 1.10 | 0.55 | 0.89 1.07 | 0.65 | 0.83 | 0.93 | 0.67 | 0.58 
Q3 - - - - - - - - 0.42 0.90 | 0.98 | 0.95 | 0.92 | 0.77 | 0.76 | 0.64 | 0.77 | 0.58 0.57 | 0.87 | 0.59 | 1.10 | 1.21 | 1.17 
Q4 - - - - - - - - 0.60 5 0.87 | 0.48 | 1.02 | 0.74 | 0.55 | 1.03 0.72 | 0.44 | 0.91 | 1.09 | 0.85 | 0.90 
Op Ql - - - - - - - - - - - - 0.70 | 0.61 | 1.14 | 0.78 | 0.69 | 1.13 0.93 | 0.73 | 0.82 | 0.82 | 0.72 | 0.95 
Q2 - - - - - - - - - - - - 89 | 0.95 | 1.21] 1.46 | 1.21 | 1.34 | 1.21 0.92 ] 1.19 | 1.23 | 1.14 | 1.74 | 0.89 
Q3 - - - - - - - - - - - - 1.05 | 0.93 | 0.78 | 0.67 | 0.49 | 0.81 | 0.73 | 0.96 | 1.08 0.89 | 0.55 | 0.52 | 0.96 | 1.22 | 0.81 
Q4 - - - - - - - - - - - - 1.15 | 1.11 | 0.95 | 1.37 ] 0.90 | 0.66 | 1.12 | 0.77 | 0.85 0.95 | 1.02 | 0.65 | 0.91 | 1.14 ] 1.21 
Pr. [QL - - - - - - - - - - - - - - - - 0.86 | 0.84 | 0.70 | 0.30 | 1.43 1.18 | 1.11 | 0.76 | 0.60 | 0.77 | 0.96 
Q2 - - - - - - - - - - - - - - - - 0.76 | 1.16 | 1.11 | 1.29 | 1.26 0.80 | 0.44 | 1.11 | 1.23 | 0.77 | 1.04 
Q3 - - - - - - - - - - - - - - - - 0.92 | 1.16 | 1.25 50 | 0.87 1.00 | 0.84 | 0.76 | 0.99 | 0.69 ] 0.91 
Q4 - - - - - - - - - - - - - - - - 1.10 | 1.21 | 1.07 | 0.74 | 1.37 0.56 | 1.34 | 0.89 | 1.10 | 1.00 | 1.46 
wp | QL - - - - - - - - - - - - - - - - - - - - 1.05 1.12 | 0.62 | 0.90 | 1.37 | 0.68 | 1.31 
Q2 - - - - - - - - - - - - - - - - - - - - 0.87 1.56 | 1.00 | 1.40 | 0.87 | 0.97 | 0.77 
Q3 - - - - - - - - - - - - - - - - - - - - 0.69 1.03 | 0.70 | 0.60 | 0.73 ] 0.59 | 1.17 
Q4 - - - - - - - - - - - - - - - - - - - - 0.73 0.82 | 0.34 | 0.76 | 0.52 | 0.30 | 0.87 
dp Ql - - - - - - - - - - - - - - - - - - - - - 1.66 | 1.18 | 1.49 | 0.78 | 1.17 | 0.82 
Q2 - - - - - - - - - - - - - - - - - - - - - 0.93 | 0.62 | 1.03 | 0.67 | 1.17 | 0.93 
Q3 - - - - - - - - - - - - - - - - - - - - - 1.64 | 1.03 | 0.93 | 1.16 ] 0.87 | 0.57 
Q4 - - - - - - - - - - - - - - - - - - - - - 1.17 | 0.85 | 1.04 | 1.39 | 1.05 ] 1.61 
VB]Q1 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1.51 | 0.82 | 0.39 | 0.89 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1.06 | 1.11 | 0.62 | 0.77 
Q3 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1.03 | 0.86 | 0.98 | 0.93 
Q4 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.67 | 0.52 | 0.69 | 1.28 


Table 39: 1ODBI y? values for v across parameter quartile combinations. 
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QI Qr PT Qi] Q2)] Q37 Qi) Qi Od 

Oc Q1 | 0.82 0.82 | 0.97 | 0.65 | 0.80 | 0.88 | 0.84 0.70 
Q2 | 1.23 0.68 | 0.90 | 0.90 | 1.16 | 0.85 | 1.04 0.81 

Q3 | 0.87 0.85 | 1.17 | 0.76 | 0.82 | 1.07 | 0.79 0.32 

Q4 | 0.88 1.19 | 0.94 | 0.50 | 1.28 | 1.32 | 1.77 1.03 

P, Ql - 0.67 | 1.42 | 0.67 | 1.15 | 0.88 | 0.92 0.80 
Q2 - 1.03 | 0.94 | 0.61 | 1.10 | 0.88 | 0.90 0.83 

Q3 - 0.80 | 0.97 | 0.95 | 1.63 | 1.17 ] 0.81 0.83 

Qt - 1.10 | 0.76 | 1.30 | 1.07 | 1.05 ] 1.21 1.56 

We Ql - 0.83 | 0.83 | 0.77 | 1.58 | 1.12 | 0.90 0.91 
Q2 - 0.49 | 0.80 | 0.64 | 0.50 | 1.71 | 0.88 1.02 

Q3 - 0.90 | 0.99 | 1.03 | 0.90 | 1.44 | 1.19 0.94 

Q4 - 1.07 | 0.77 | 0.46 | 0.81 | 0.74 | 1.22 1.25 

op Ql - 1.23 | 0.66 | 1.16 | 0.84 | 1.16 | 0.97 111 
Q2 - 1.33 | 1.57 | 0.86 | 1.40 | 0.69 | 0.85 0.68 

Q3 - 0.79 | 1.10 | 0.48 | 0.89 | 0.93 | 0.72 1.04 

Q4 - 1.21 | 1.72 | 1.07 | 0.61 | 1.06 | 1.10 0.74 

P, [Ql - 0.69 | 1.18 | 1.08 | 0.83 | 1.23 | 0.44 0.74 
Q2 - 0.92 | 0.68 | 0.56 | 1.20 | 0.64 | 1.25 0.98 

Q3 - 1.62 | 1.32 | 0.79 | 1.21 | 1.21 | 1.51 1.36 

Of - 1.35 | 1481 0.88 | 0.79 | 0.83 | 0 T.03 

w {Qi} - | - : : : : Fs E i So |. 264), edt eee ae E 5 ~ [1.12] 0.57 | 140] 1.10 | 142 0.90 
Q2,- | - z Z 3 = : : = = aioe eless| eal = = 3 = zZ 08 [1.23] 0.71 | 0.65 | 1.05 0.49 

O37) = hz z z : = : zi 2 ah ae. Sah Seles tl o* |= z z Z > T1127 1.03 [0.86 | 0.67 | 0.81 127 
Qfla=al = B 3 : z e are ee ee ee 2 : 7 > [Lr [0.98 | 0.93 | 0.54 | 049 0.74 

aq (ail - | - = : 2 : 2 = eB ily Svpdl 2s 11, deal lbs wee |e : : 2 2 se 5 ~ 10.80 0.80 
QF) a | ss z : : Fi : 7 oy fot Wi eral taal] Wea? [acer ce : z 7 z Z : > 10.69 0.70 

O3)| 22 shoe : Z 2 z : : = beds al cave: Gealiae, [Dee z z = = > 11.28 146 

[ay es a z zi : : : a a ee eal ee ee zi : : z z : > [1.37 T.28 
VBTQil- | - 7 - z z 2 = 7 Smee | etl me: ee Tel ae z 5 7 E Z : = ins L.13 
OQ2)| =f oe - z E - : 5 : er la teal al pera tees tees - E : : F : 5 Flic T.16 
Q3iiae- 1) 2 = é : : : : ae pera’ =a: a| see kee te oil Oe : zi : = 7 2 Se T.02 

Table 40: 1ODBI y? values for ¢ across parameter quartile combinations. 
P; W, op Py Wp dy VB B, 

Qi] Q2) 3) 27 Qi,) @) 7A) Qi) 2) aay) 87s] ey) aay 2] Baa) eTe, a aye) ela 

Oc Q1 | 0.66 | 0.78 | 0.98 | 0.69 | 1.34 | 1.42 | 1.29 | 0.83 | 1.03 | 0.70 | 1.00 53 | 1.26 | 1.25 | 1.32 | 0.90 | 0.87 | 1.22 | 1.02 | 0.97 | 1.33 | 0.88 | 0.77 | 0.85 | 1.04 | 1.29 | 0.89 | 0.74 | 0.63 | 1.07 | 0.40 | 0.96 
Q2 | 0.68 | 0.80 | 0.87 | 0.91 | 0.73 | 1.09 | 1.34 | 0.87 | 0.90 | 0.89 | 1.22 | 0.83 | 0.91 | 0.64 | 1.53 | 0.60 | 0.52 | 1.09 | 0.67 | 0.93 | 0.42 | 1.00 | 1.29 | 0.79 | 0.80 | 0.64 | 0.91 | 0.83 | 1.08 | 0.71 | 0.73 | 1.22 

Q3 | 0.60 | 1.34 | 1.35 | 1.12 | 0.66 | 0.97 | 0.79 | 0.71 | 0.95 | 0.84 | 0.88 | 0.81 | 1.35 | 1.77 | 1.05 | 1.00 | 1.42 | 1.28 | 1.32 | 1.15 | 1.17 | 0.99 | 0.95 | 1.34 | 1.30 | 0.75 | 0.95 | 0.87 | 1.15 | 1.01 | 0.91 | 0.66 

Q4 | 1.38 | 0.83 | 0.88 | 1.22 | 1.17 | 1.10 | 0.61 | 0.83 | 0.80 | 0.62 | 1.76 | 0.91 | 0.97 | 1.36 | 1.24 | 0.86 | 0.80 | 1.32 | 1.48 | 1.22 | 1.23 | 1.14] 1.10 | 0.91 | 0.81 | 1.43 | 1.11 | 0.40 | 1.76 | 0.90 | 1.00 | 0.82 

P; Ql - - - - 0.59 | 0.71 | 0.79 | 1.00 | 1.30 | 0.82 | 0.97 | 0.70 | 0.62 | 0.95 | 1.00 | 1.20 ] 0.45 | 1.24 | 1.41 | 1.29 | 1.10 | 0.62 | 0.68 | 1.85 | 0.81 | 1.08 | 1.34 ] 0.30 | 1.28 | 0.79 | 0.52 | 1.44 
Q2 - - - - 1.03 | 0.61 | 0.81 | 1.59 | 1.15 | 1.10 | 0.84 | 0.63 | 1.04 | 0.92 | 0.97 | 0.73 | 0.73 | 1.20 | 1.21 | 0.63 | 0.69 | 1.17 | 1.76 ] 0.80 | 0.82 | 1.01 | 0.91 ] 1.08 | 0.94 | 0.59 | 0.62 | 0.76 

Q3 - - - - 0.62 | 0.70 | 1.29 | 0.69 | 0.59 | 0.85 | 1.25 | 1.01 | 1.02 | 1.19 | 1.53 | 0.99 ] 0.95 | 0.70 | 0.78 | 0.82 | 1.15 | 0.74 | 0.93 | 0.87 | 1.05 | 0.78 | 0.79 ] 0.66 | 0.83 | 0.92 | 0.85 | 0.66 

Q4 - - - - 0.84 |] 1.47 | 1.02 | 1.03 | 1.23 | 0.78 | 1.20 | 0.43 | 1.11 | 0.56 | 0.87 | 0.78 ] 1.31 | 0.49 | 1.45 | 0.90 | 1.04 | 0.87 | 0.84 ] 0.58 | 1.07 | 1.10 | 1.05 ] 0.89 | 1.28 | 1.26 | 1.07 | 1.36 

We Ql - - - - - - - - 0.77 | 0.69 | 1.10 | 0.53 | 0.82 | 1.11 | 0.79 | 1.25 | 0.86 | 1.10 | 0.69 | 0.65 | 0.70 | 1.28 | 0.92 | 0.69 | 0.68 | 0.45 | 1.28 | 0.68 | 1.58 | 0.95 | 0.71 | 0.86 
Q2 - - - - - - - - 1.06 | 1.15 | 0.89 | 0.47 | 1.27 | 1.06 | 1.36 | 0.78 | 0.88 | 0.97 | 0.97 | 0.75 | 1.20 | 0.69 | 0.76 | 1.56 | 0.97 | 0.43 | 1.02 | 0.52 | 1.01 | 0.75 | 0.42 | 0.97 

Q3 - - - - - - - - 1.06 | 1.12 | 1.29 | 0.93 | 0.90 | 1.06 | 1.48 | 1.19 | 0.90 | 1.17 | 0.61 | 1.35 | 0.82 | 0.68 | 1.04 | 1.07 | 1.08 | 1.17 | 1.55 | 1.27 | 0.99 | 0.91 | 0.99 | 0.70 

Q4 - - - - - - - - 1.14 | 0.70 | 1.67 | 1.10 |] 1.55 | 1.02 | 1.09 | 0.87 | 1.14 | 0.83 | 0.97 | 1.04 | 1.02 | 1.11 | 0.74 1.30 | 1.05 | 0.96 | 1.23 | 1.21 | 1.40 

Op Ql - - - - - - - - - - - - 0.77 | 0.94 | 0.77 | 0.85 | 0.49 | 0.85 | 0.91 | 0.83 | 1.14 | 1.37 | 0.60 | 1.00 | 1.34 | 0.84 | 0.74 | 0.54 | 1.12 | 0.69 | 0.86 | 1.54 
Q2 - - - - - - - - - - - - 0.99 ] 1.20 | 1.27 | 0.79 | 0.46 | 0.81 | 1.24 | 0.90 | 0.62 | 0.65 | 0.85 | 1.08 ] 0.61 | 0.73 | 0.90 | 0.90 | 1.28 | 0.72 | 1.15 | 0.81 

Q3 - - - - - - - - - - - - 1.47 | 0.90 | 1.49 | 1.01 ] 1.15 | 1.03 | 0.78 | 1.13 | 0.95 | 1.11 | 1.49 ] 1.33 | 1.53 | 1.08 | 0.72 | 0.72 | 0.87 | 1.08 | 0.91 | 1.35 

Q4 - - - - - - - - - - - - 0.69 | 0.88 | 0.95 | 1.05 | 0.97 | 0.57 | 0.68 | 0.63 | 0.78 | 0.98 | 1.00 | 1.16 | 0.74 | 0.63 ] 1.09 | 0.55 | 0.76 | 0.84 | 0.94 | 1.30 

Pr. [QL - - - - - - - - - - - - - - - - 1.38 | 1.27 | 0.99 | 0.61 | 1.59 | 0.93 | 1.50 ] 1.00 | 1.30 | 1.01 | 0.90 | 1.02 | 0.88 | 1.00 | 0.71 | 1.68 
Q2 - - - - - - - - - - - - - - - - 0.68 | 0.84 | 0.91 | 1.20 | 1.09 0.89 | 1.19 | 0.62 | 1.07 | 1.18 | 1.02 | 0.73 | 0.78 | 1.10 

Q3 - - - - - - - - - - - - - - - - 0.90 | 1.62 | 1.07 | 1.20 | 1.09 | 2.04 ie 0.90 | 0.98 | 1.22 | 1.27 | 1.40 | 1.01 | 1.06 | 1.29 | 0.66 

Q4 - - - - - - - - - - - - - - - - 1.48 | 1.05 | 1.13 | 1.32 | 0.73 | 0.84 | 1.23 ] 1.07 | 0.82 | 0.91 | 0.83 ] 0.90 | 1.59 | 1.05 | 0.81 | 1.03 

wp | QL - - - - - - - - - - - - - - - - - - - - 0.83 | 0.55 | 0.88 | 1.94 | 0.92 | 1.09 | 1.38 | 1.23 | 1.12 | 1.25 | 0.71 | 0.84 
Q2 - - - - - - - - - - - - - - - - - - - - 1.08 | 1.14 | 0.82 | 1.27 ] 0.81 | 0.71 | 1.21 | 0.95 | 1.08 | 1.00 | 0.70 | 1.30 

Q3 - - - - - - - - - - - - - - - - - - - - 0.59 | 1.21 | 1.00 | 0.75 | 0.89 | 0.58 | 1.20 | 0.84 | 0.94 | 1.17 | 1.21 | 0.93 

Q4 - - - - - - - - - - - - - - - - - - - - 0.67 | 1.12 | 1.28 | 1.02 | 0.85 | 1.08 | 0.84 | 0.86 | 0.71 | 0.89 | 0.71 | 0.58 

dp Ql - - - - - - - - - - - - - - - - - - - - - - - - 1.13 | 1.15 | 0.79 | 0.62 | 1.39 | 1.04 | 0.49 | 1.65 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - 0.62 | 0.79 | 0.79 | 1.27 | 0.93 | 0.94 | 1.28 | 0.98 

Q3 - - - - - - - - - - - - - - - - - - - - - - - - 1.14 | 0.60 | 1.42 | 0.57 ] 0.83 | 1.58 | 0.71 | 1.19 

Q4 - - - - - - - - - - - - - - - - - - - - - - - - 1.04 | 1.39 | 1.01 | 0.96 ] 1.35 | 1.26 | 1.09 | 0.79 
VB]Q1 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1.88 | 1.16 | 1.06 | 0.67 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1.05 | 0.71 | 0.77 | 0.66 

Q3 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1.25 | 1.22 | 0.83 | 1.16 

Q4 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.63 | 0.76 | 0.85 | 0.59 

Table 41: 1ODBI y? values for 0 across parameter quartile combinations. 
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C.4 20DBI 
C.4.1 Natural Distribution 


w, 


Pp 'p c 
Q]@)alqlaq)s;@) aya; asl@q QQ); ala; qi, @)|/ aya; as@ qr] Qi, @)] a3] a 
Oc Q1 | 0.69 | 0.73 | 1.51 | 0.78 | 1.07 | 1.52 | 0.84 | 0.94 | 0.84 | 0.80 0.88 | 0.99 | 0.49 | 0.70 | 0.87 | 0.82 | 1.50 | 0.95 | 1.25 | 0.84 1.74 | 1.07 | 0.92 | 0.92 | 0.76 
Q2 | 0.61 | 1.09 | 0.73 | 0.68 | 0.75 | 1.03 |] 0.57 | 0.74 | 1.07 | 0.91 0.50 ] 0.85 | 1.24 | 0.71 | 1.14 | 0.76 50 | 0.82 | 0.66 | 1.12 1.21 | 0.77 | 1.32 | 0.76 | 0.74 
Q3 | 0.80 | 0.83 | 1.03 | 1.28 | 0.68 | 1.44 ] 0.81 | 0.88 | 0.86 | 1.45 0.64 ] 0.82 | 0.93 | 1.17 | 0.75 | 0.73 | 1.25 | 1.04 ] 1.17 ] 1.29 0.65 | 0.86 | 0.70 | 0.71 | 0.85 
Q4 | 1.32 | 0.87 | 0.88 | 0.80 | 1.05 | 1.20 | 0.66 | 0.73 | 0.92 | 0.6: 0.59 ] 0.73 | 0.95 | 1.39 | 1.12 | 0.53 | 0.78 | 0.67 | 0.73 | 0.73 0.60 | 1.07 | 0.66 ] 0.84 | 1.01 
P, Ql - - - - 0.92 | 1.11 | 0.93 | 1.08 | 1.40 | 0.81 0.81 ] 0.68 | 1.43 | 0.95 | 1.00 | 1.00 | 1.01 | 1.51 | 0.96 | 1.28 0.93 | 1.16 | 1.45 ] 0.81 | 1.01 
Q2 - - - - 0.86 | 0.55 | 1.38 | 0.51 | 0.94 | 1.16 ).50 | 0.84 | 0.99 | 0.96 | 1.04 | 0.87 | 0.78 | 0.70 | 0.88 | 0.84 0.87 | 0.66 | 0.68 | 0.73 | 0.88 
Q3 - - - - 0.78 | 1.14 | 1.00 | 0.75 | 0.85 | 0.92 56 | 0.84 | 0.78 | 1.19 | 0.69 | 1.11 | 1.05 | 0.76 | 1.59 | 0.97 1.20 | 1.17 | 0.90 | 0.94 | 0.82 
Q4 - - - - 0.87 | 0.75 | 0.80 | 0.72 | 0.69 | 1.46 0.44 | 0.68 | 0.72 | 0.98 | 0.83 | 0.70 | 0.77 | 0.63 | 0.80 | 0.51 1.11 | 0.83 | 0.84 | 0.58 | 0.56 
We Ql - - - - - - - - 1.00 | 0.62 0.66 | 1.59 | 0.56 | 0.78 | 0.61 | 0.74 | 1.18 } 1.29 | 0.26 | 1.01 1.42 | 0.51 | 0.75 | 0.53 | 0.50 
Q2 - - - - - - - - 1.10 | 1.14 0.78 |] 1.24 | 0.91 | 0.97 | 1.32 | 1.24 | 0.89 | 0.92 | 1.34 | 0.88 0.99 ] 0.47 | 0.98 | 0.62 | 1.03 
Q3 - - - - - - - - 0.46 | 1.25 0.77 | 0.95 | 0.47 | 0.94 | 0.99 | 0.61 | 1.06 | 0.86 | 0.75 | 0.94 0.65 ] 0.73 | 0.82 | 1.12 | 0.60 
Qt - - - - - - - - 1.22 | 0. 0.71 | 0.70 | 1.06 | 0.92 | 0.95 | 0.74 | 0.72 | 0.55 | 1.03 ] 0.91 0.88 | 0.85 | 0.87 | 0.73 | 1.49 
Op Ql - - - - - - - - - - - - ).59 | 0.66 | 1.11 | 0.86 | 0.55 | 1.37 | 0.92 | 0.91 | 0.55 | 0.81 0.76 | 1.22 | 1.03 | 1.06 | 0.88 
Q2 - - - - - - - - - - - - 0.49 | 1.24 | 0.94 | 0.69 | 1.11 | 0.89 | 1.02 | 1.02 | 0.75 | 1.29 0.99 | 1.11 | 0.60 | 0.90 | 0.81 
Q3 - - - - - - - - - - - - 0.71 | 1.53 | 1.15 | 1.32 | 0.70 | 1.35 | 1.18 | 0.77 | 1.21 | 1.19 1.45 | 1.35 | 0.85 | 1.18 | 0.86 
Q4 - - - - - - - - - - - - 0.49 | 0.84 | 1.09 | 1.34 | 0.90 | 0.51 | 0.91 | 1.07 | 1.52 | 1.42 1.00 | 0.71 | 0.88 | 0.90 | 1.07 
P, | Ql - - - - - - - - - - - - - - - - 0.73 | 0.56 | 0.70 | 0.88 | 1.02 | 0.61 0.66 | 0.78 | 0.57 | 0.37 | 0.83 
Q2 - - - - - - - - - - - - - - - - 0.95 | 0.86 | 0.81 | 0.58 | 0.95 | 1.61 0.96 | 1.20 ] 0.91 | 1.12 | 0.65 
Q3 - - - - - - - - - - - - - - - - 0.84 ] 1.15 | 0.91 | 0.66 | 0.70 | 1.45 | 1 0.61 | 0.64 ] 1.10 | 1.02 | 1.06 
Q4 - - - - - - - - - - - - - - - - 0.93 ] 1.01 | 1.06 | 0.99 | 0.59 | 0.76 | 0.67 | 1.19 | 0.80 | 1.52 | 0.49 | 1.30 | 0.68 | 1.93 | 0.97 | 0.70 
wp, | QL - - - - - - - - - - - - - - - - - - - - 0.86 | 0.84 | 0.70 | 0.85 | 0.55 | 0.70 | 0.79 | 0.79 | 0.58 | 0.68 | 1.16 | 0.66 
Q2 - - - - - - - - - - - - - - - - - - - - 0.99 | 0.83 | 1.01 | 1.20 | 0.64 | 0.85 | 0.76 | 1.22 | 1.05 | 0.57 | 1.27 | 1.13 
Q3 - - - - - - - - - - - - - - - - - - - - 1.09 | 0.66 | 1.14 | 1.04 | 1.22 | 1.06 | 1.13 | 0.72 | 0.65 | 0.97 | 0.59 | 1.35 
Q4 - - - - - - - - - - - - - - - - - - - - 0.78 | 1.27 | 0.72 | 0.62 | 0.67 | 0.93 | 0.58 | 1.21 | 0.46 | 1.00 | 0.75 | 0.85 
d, Ql - - - - - - - - - - - - - - - - - - - - - - - - 1.60 | 0.93 | 0.70 | 1.58 | 0.97 | 0.87 | 1.14 | 1.00 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - 1.25 | 0.58 | 1.01 | 0.87 |] 0.87 | 0.86 | 1.09 | 0.84 
Q3 - - - - - - - - - - - - - - - - - - - - - - - - 0.80 | 0.75 | 0.72 | 1.18 | 0.95 | 0.60 | 0.52 | 0.76 
Q4 - - - - - - - - - - - - - - - - - - - - - - - - 1.27 | 1.26 | 1.43 | 0.79 | 1.34 | 0.67 | 0.86 | 1.23 
VB |Q1 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1.40 | 0.55 | 0.88 | 0.79 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.76 | 0.96 | 1.11 | 0.95 

ot. f= E Z 5 2 2 : a ee ee a 3 zi z Z : 5 : = lps aes") = | 22 08 10.8 
Q4 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 0.59 | 1.13 | 0.90 | 0.68 

" ee 
Table 42: 2ODBI y? values for r, across parameter quartile combinations. 
Pe We Op Ps Wp dy B, 

Qla@) eal alal,;@) aya; ala] Bl al ale) Baya ala] Byalaqye2,@ qr] Qi] Q@ | Qs] Qi 
Oe Q1 | 0.75 | 0.68 | 0.81 | 0.50 | 0.62 | 0.78 | 0.69 | 0.95 | 0.95 | 0.72 | 1.44 | 0.75 | 1.01 | 1.48 | 0.97 | 0.47 | 0.78 | 1.04 | 0.92 | 0.64 | 1.33 ] 1.03 | 0.79 1.08 | 0.92 | 1.31 | 1.10 | 0.99 
Q2 | 0.91 | 1.01 | 1.37 | 1.07 | 1.19 | 0.42 | 1.10 | 1.33 | 1.07 | 1.08 | 0.61 | 1.02 | 1.12 | 0.67 | 1.12 | 1.15 | 1.32 7 1.25 | 0.87 | 0.79 | 1.13 ] 0.61 | 0.43 0.66 | 1.26 | 0.53 | 1.47 | 1.25 
Q3 | 0.75 | 0.93 | 0.88 | 0.68 | 0.79 | 1.33 | 1.10 | 0.97 | 0.65 | 0.69 | 0.68 | 1.24 | 0.63 | 1.26 | 0.84 | 0.67 | 0.87 | 0.73 | 0.70 | 0.62 | 1.13 ] 1.07 | 0.89 1.16 | 0.71 | 0.77 | 0.93 | 0.81 
Q4 | 0.85 | 1.20 | 0.83 | 0.63 | 1.03 | 0.73 | 1.52 | 0.91 | 0.67 | 0.87 | 0.92 | 0.98 | 0.94 | 1.05 | 1.04 | 0.85 | 1.01 | 0.80 | 0.79 | 0.96 | 0.58 ] 0.93 | 0.65 0.79 | 0.74 | 1.19 | 0.83 | 0.98 
Ee Ql - - - - 0.69 | 0.92 | 0.53 | 0.70 | 0.92 | 0.71 | 0.57 | 1.00 | 0.61 | 0.86 | 0.88 | 1.09 | 0.99 | 0.77 | 0.82 | 0.74 | 0.43 | 1.20 | 0.64 0.73 | 0.40 | 0.89 | 0.92 | 1.11 
Q2 - - - - 0.85 | 1.39 | 1.40 ] 1.50 | 1.17 | 0.88 | 0.83 | 0.70 | 1.01 | 1.39 | 0.87 | 1.05 | 0.77 | 1.44 | 0.85 | 0.59 | 0.74 | 0.80 | 1.37 0.51 | 1.14 | 1.06 | 1.25 | 0.46 
Q3 - - - - 1.04 | 0.57 | 0.92 | 1.56 | 1.06 | 0.69 | 0.75 | 1.29 | 1.12 | 0.69 | 1.25 | 0.77 | 1.23 | 0.71 | 0.93 | 0.67 | 1.13 | 0.96 | 0.48 0.73 | 1.08 | 0.86 | 1.42 | 1.17 
Q4 - - - - 0.55 | 1.48 | 0.78 | 0.77 | 1.30 | 0.75 | 0.73 | 0.61 | 0.90 | 0.62 | 0.60 | 0.72 | 1.03 | 0.38 | 0.67 | 0.77 | 1.64 | 1.14 | 0.71 1.17 | 1.16 | 0.93 | 0.66 | 1.05 
We Ql - - - - - - - - 0.98 | 0.59 | 1.05 | 1.26 | 0.99 | 0.53 | 0.98 | 0.91 | 0.65 | 1.15 | 1.54 | 1.16 | 0.60 | 1.06 | 0.49 0.85 | 1.24 | 1.13 | 0.74 | 0.87 
Q2 - - - - - - - - 0.83 | 0.79 | 1.15 | 0.69 | 1.20 | 0.86 | 1.07 | 1.02 ] 1.10 | 1.02 | 0.62 | 1.25 | 0.90 | 1.07 | 0.89 1.06 | 0.90 | 1.09 | 0.90 | 0.80 
Q3 - - - - - - - - 0.64 | 1.03 | 0.87 | 1.65 | 1.09 | 0.76 | 1.16 | 1.60 ] 1.09 | 0.98 | 1.02 | 1.00 | 1.15 | 0.74 | 1.07 1.21 | 1.07 | 1.23 | 0.64 | 0.91 
Q4 - - - - - - - - 0.46 | 1.17 | 1.05 | 0.86 | 0.66 | 1.37 | 1.16 | 0.66 | 0.92 | 0.98 | 0.91 | 0.73 | 0.72 | 1.47 | 1.19 1.17 | 1.15 | 1.22 | 1.32 | 0.68 
Op Ql - - - - - - - - - - - - 1.19 | 1.12 | 0.64 | 1.33 | 0.60 | 0.68 | 1.08 | 1.19 | 0.72 | 0.78 | 1.13 1.11 | 1.15 | 0.75 | 1.04 | 0.61 
Q2 - - - - - - - - - - - - 1.31 | 0.82 | 0.82 | 1.08 | 0.81 | 1.06 | 1.01 | 0.73 07 | 1.42 | 1.05 0.74 | 0.90 | 1.00 | 0.56 | 1.42 
Q3 - - - - - - - - - - - - 0.81 | 0.76 | 0.91 | 1.41 | 1.06 | 0.89 | 0.79 | 0.92 | 0.99 | 0.51 | 0.66 1.19 | 0.81 1.13 | 0.57 
Q4 - - - - - - - - - - - - 1.04 | 0.81 | 1.58 | 0.68 | 0.99 | 0.85 | 0.89 | 1.04 | 0.90 | 1.42 | 1.11 0.79 | 1.01 1.14 | 0.54 
P, {Ql - - - - - - - - - - - - - - - - 1.45 | 0.86 | 0.97 | 1.10 | 0.77 | 0.86 | 1.11 0.81 | 1.58 ] 1.71 | 0.71 | 0.75 
Q2 - - - - - - - - - - - - - - - - 0.52 | 0.67 | 1.15 | 0.89 | 0.85 | 1.45 | 0.61 0.81 | 0.82 ] 1.10 | 0.96 | 0.54 
Q3 - - - - - - - - - - - - - - - - 0.74 |] 0.98 | 1.05 | 1.08 | 0.80 | 0.99 | 1.13 0.69 | 1.17 | 1.12 | 0.97 | 0.92 
Qt - - - - - - - - - - - - - - - - .56 | 0.98 | 0.85 | 0.83 | 1.72 | 1.03 | 0.81 0.86 | 0.94 | 0.94 | 0.68 | 0.83 
wp, | QI - - - - - - - - - - - - - - - - - - - - 0.85 | 1.32 | 1.05 1.19 | 1.25 | 0.62 | 0.78 | 1.64 
Q2 - - - - - - - - - - - - - - - - - - - - 0.44 | 0.93 | 0.69 0.94 | 0.99 | 1.62 | 1.55 | 0.37 
Q3 - - - - - - - - - - - - - - - - - - - - 1.33 | 0.88 | 0.74 0.41 | 1.27 | 1.17 | 0.44 | 0.82 
Qt - - - - - - - - - - - - - - - - - - - - 0.94 | 0.74 | 1.24 0.93 | 1.14 | 1.04 | 0.89 | 0.77 
dp Ql - - - - - - - - - - - - - - - - - - - - - - - 0.90 | 1.08 ] 1.26 | 1.03 | 0.95 
Q2 - - - - - - - - - - - - - - - - - - - - - - - 0.92 ] 1.09 | 0.94 | 0.82 | 1.48 
Q3 - - - - - - - - - - - - - - - - - - - - - - - 0.62 | 0.99 | 0.84 | 0.55 | 0.46 
Q4 - - - - - - - - - - - - - - - - - - - - - - - 0.86 | 0.67 | 1.08 | 1.22 | 1.32 
VB| Ql - - - - - - - - - - - - - - - - - - - - - - - - 0.76 | 0.81 | 0.71 | 0.92 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1.52 | 1.48 | 1.01 | 0.95 
Q3;| a2 ales F 5 Ei z : : : ca ae ie eas a ee - : 5 : : : : > P=) = 7) = | = | 0.80 71.25 | 0.76 | 0.83 
Ort - T- zi : = z = 7 ee ee : 5 : S 2 Z : > Ps p=) = |= PLT 71487 071 | 0.95 


Table 43: 2ODBI x? values for *, across parameter quartile combinations. 


59 


P. w, Wy B; 

Qi] @2)] a3) Qi]/Qqry @) a3 7a ai ar] Qi Gz] OF] OFT ary az QQ] Qi) Q@) a3] a 

Oc Q1 | 1.12 | 0.79 | 0.91 | 0.91 | 1.08 | 0.65 | 1.25 | 1.05 | 0.90 0.50 | 0.40 0.63 | 0.98 | 0.53 | 1.32 | 1.47 0.63 | 1.04 | 1.11 | 0.65 | 0.50 
Q2 | 0.73 | 0.47 | 0.93 | 1.05 | 0.68 | 0.92 | 0.94 | 1.05 | 0.65 1.05 | 0.98 0.60 | 0.66 | 0.91 | 0.80 | 1.18 0.82 | 0.58 | 0.64 | 0.67 | 1.68 

Q3 | 0.86 | 0.65 | 0.52 | 0.53 | 1.00 | 0.75 | 0.84 | 1.21 | 1.38 0.80 | 1.20 0.41 | 0.72 | 0.49 | 1.03 | 0.80 0.96 | 0.93 | 0.90 | 0.51 | 1.03 

Q4 | 1.24 | 0.50 | 0.62 | 0.85 | 0.86 | 1.32 | 0.93 | 1.03 | 0.86 1.42 | 1.29 0.75 | 0.73 | 0.48 | 1.18 | 0.88 0.89 | 1.29 | 1.10 | 0.83 | 0.62 

P, Ql - - - - 0.92 | 0.51 | 0.92 | 1.22 | 0.85 0.76 | 0.87 0.90 | 0.48 | 0.80 | 0.50 | 1.55 0.84 | 1.33 ] 0.84 | 1.46 | 1.16 
Q2 - - - - 0.97 |] 0.85 | 0.55 | 0.96 | 0.97 0.71 | 1.24 0.95 | 0.84 | 0.80 | 0.94 | 0.77 0.75 |] 0.61 | 0.76 | 0.70 | 0.73 

Q3 - - - - 0.60 | 0.97 | 0.84 | 0.78 | 1.13 E 0.80 | 0.99 0.96 ] 0.73 | 0.55 | 1.58 | 1.05 0.58 | 1.15 | 1.07 | 0.57 | 0.96 

Q4 - - - - 1.16 | 1.15 | 1.32 | 1.24 | 0.55 | 0.60 | 0.92 | 1.07 | 0.64 0.96 |] 0.86 | 0.66 | 0.59 | 1.30 1.04 | 0.74 | 0.97 | 0.87 | 0.68 

We Ql - - - - - - - - 0.72 | 0.65 | 0.79 | 1.29 | 0.60 1.16 | 1.00 | 0.45 | 0.76 | 0.65 0.77 | 0.78 | 0.67 | 0.74 | 0.80 
Q2 - - - - - - - - 0.88 | 0.99 | 0.54 | 0.70 | 0.86 0.71 | 0.70 | 0.46 | 1.15 | 0.92 0.76 | 0.61 | 1.42 | 0.77 | 0.49 

Q3 - - - - - - - - 1.27 | 1.47 | 0.58 | 0.79 | 1.57 0.79 | 0.61 | 0.70 | 0.96 | 1.14 0.72 | 0.85 | 1.21 | 0.73 | 0.77 

Q4 - - - - - - - - 1.55 | 0.78 | 0.77 | 1.14 | 0.66 0.74 | 0.61 | 0.62 | 1.15 | 0.99 0.77 | 0.94 | 0.74 | 0.89 | 1.39 

op Ql - - - - - - - - - - - - 0.91 0.96 | 0.96 | 0.55 | 0.61 | 0.70 59 | 0.74 | 1.00 | 0.67 | 0.60 
Q2 - - - - - - - - - - - - 117 0.96 50 | 0.18 | 1.03 } 1.11 0.98 | 0.75 | 0.91 | 0.69 | 1.31 

Q3 - - - - - - - - - - - - 0.88 0.81 ] 0.63 | 0.60 | 0.82 | 1.09 0.90 | 0.94 | 0.63 | 0.55 | 1.20 

Q4 - - - - - - - - - - - - 1.12 0.72 | 0.81 | 0.62 | 1.38 | 0.64 0.65 ] 0.70 | 1.19 | 0.95 | 1.10 

P, [Ql - - - - - - - - - - - - - 0.68 | 0.65 | 0.69 | 1.18 | 0.88 0.82 | 0.91 | 1.19 | 1.30 | 0.99 
Q2 - - - - - - - - - - - - - 0.85 | 1.02 | 0.97 | 1.39 | 1.03 1.03 | 0.62 | 0.87 | 1.38 | 1.16 

Q3 - - - - - - - - - - - - - 0.84 | 0.73 | 0.43 | 0.83 | 0.46 0.55 | 0.53 | 0.94 | 0.74 | 0.91 

Q4 - - - - - - - - - - - - - 0.70 | 0.46 | 0.68 | 0.81 | 0.86 0.75 | 0.92 | 1.06 | 1.24 | 0.62 

wp | QL - - - - - - - - - - - - - - - - - - - - 0.75 | 0.66 0.88 | 0.95 | 1.01 | 1.01 | 0.77 
Q2 - - - - - - - - - - - - - - - - - - - - 0.76 | 0.82 0.84 ] 0.87 | 0.53 | 0.50 | 0.65 

Q3 - - - - - - - - - - - - - - - - - - - - 0.47 | 0.71 57 | 0.42 | 1.16 | 0.50 | 0.94 

Q4 - - - - - - - - - - - - - - - - - - - - 0.35 | 0.64 0.43 | 0.42 | 0.79 | 1.00 | 0.77 

dp Ql - - - - - - - - - - - - - - - - - - - - - - 1.23 | 1.15 | 0.67 | 1.55 | 1.15 
Q2 - - - - - - - - - - - - - - - - - - - - - - 0.96 | 0.65 | 1.09 | 0.45 | 0.90 

Q3 - - - - - - - - - - - - - - - - - - - - - - 0.92 ] 0.75 | 1.00 | 0.57 | 0.80 

Q4 - - - - - - - - - - - - - - - - - - - - - - 0.59 | 0.95 | 0.79 | 0.89 | 1.48 
VB]QI - - - - - - - - - - - - - - - - - - - - - - - 0.95 | 1.21 | 0.58 | 0.84 
Q2 - - - - - - - - - - - - - - - - - - - - - - - 0.93 | 0.54 | 0.82 | 1.74 

Q3 - - - - - - - - - - - - - - - - - - - - - - - 0.85 | 0.93 | 0.94 | 0.48 

Q4 - - - - - - - - - - - - - - - - - - - - - - - 0.72 | 0.64 | 0.83 | 0.76 

Table 44: 2ODBI y? values for v across parameter quartile combinations. 
P. w, Py Wp B, 

Qi] Q2) a3) Qi] qr; @) 3] a Qi] @2) Qs) Qi] Qi) @) 3] Qa; Qi; @ Qi] Qi) Q@2) @3] a 

Oc Q1 | 0.90 | 0.97 | 0.79 | 0.73 | 0.96 | 0.52 | 0.61 | 1.04 0.71 | 0.93 | 1.49 | 0.87 | 0.74 | 0.72 | 0.79 | 0.85 | 0.70 | 0.61 0.91 | 0.74 | 0.77 | 0.80 | 0.75 
Q2 | 0.94 | 0.81 | 1.14 | 1.22 | 0.82 | 0.98 | 1.23 | 0.92 1.06 | 0.82 | 1.35 | 1.36 | 0.53 | 1.35 | 0.77 | 1.07 | 0.96 | 0.84 0.52 | 1.23 | 1.09 | 1.17 | 1.27 

Q3 | 1.07 | 0.79 | 0.76 | 1.02 | 0.97 | 0.85 | 0.96 | 1.06 1.04 | 1.02 | 0.78 | 1.10 | 1.00 | 0.66 | 0.81 | 1.45 | 0.89 | 1.18 0.84 | 0.71 | 1.26 | 1.31 | 0.78 

Q4 | 0.98 | 0.95 | 1.03 | 0.86 | 1.50 | 1.10 | 1.30 | 0.93 0.99 | 0.70 | 0.57 | 0.64 | 1.25 | 1.15 | 0.76 | 1.07 | 0.84 | 1.50 0.55 | 0.60 | 0.37 | 1.03 | 1.42 

P; Ql - - - - 1.40 | 1.17 | 1.40 | 1.52 1.25 | 1.10 | 0.93 | 0.97 | 1.11 | 0.80 | 1.14 | 0.94 | 1.30 | 0.91 1.00 | 0.99 | 0.71 | 0.91 | 1.04 
Q2 - - - - 0.84 ] 0.71 | 0.52 | 1.05 1.30 | 1.18 | 0.66 | 1.07 ] 1.01 | 1.09 | 0.69 | 1.06 ] 0.95 } 1.11 1.44 | 0.52 | 0.77 | 0.95 | 0.99 

Q3 - - - - 1.17 | 0.83 | 1.29 | 0.93 0.66 ] 0.85 | 0.72 | 0.82 | 0.76 | 1.41 | 0.91 | 1.22 ] 1.09 | 0.82 0.95 | 0.92 | 1.03 | 0.58 | 1.07 

Q4 - - - - 1.30 | 1.02 | 1.17 | 0.50 0.83 ] 0.60 | 0.92 | 1.08 | 1.54 | 0.73 | 0.87 | 0.75 | 1.26 | 1.70 1.19 | 0.98 | 1.03 | 1.01 | 0.84 

We Ql - - - - - - - - 0.99 | 1.14 | 0.95 | 0.78 | 1.01 | 0.83 | 1.39 | 1.54 | 0.77 | 1.25 1.23 | 0.66 | 0.80 | 1.03 | 1.13 
Q2 - - - - - - - - 0.65 | 0.91 | 0.62 | 1.00 | 0.94 | 0.85 | 0.76 | 0.73 | 0.75 | 0.95 0.78 | 0.90 | 1.07 | 1.21 | 0.74 

Q3 - - - - - - - - 1.27 | 0.76 | 0.86 | 0.63 | 0.80 | 0.98 | 1.18 | 1.31 | 1.06 | 0.48 1.19 | 0.84 | 0.90 | 1.20 | 0.76 

Q4 - - - - - - - - 0.77 | 1.33 | 0.87 | 1.58 | 1.36 | 0.78 54 | 1.02 | 0.97 | 1.25 57 | 1.05 | 1.30 | 0.68 | 0.87 

Op Ql - - - - - - - - - - - - 0.95 ] 0.96 | 1.16 | 1.15 | 1.23 | 2.14 | 0.88 | 1.33 ] 0.62 | 1.10 1.02 | 0.76 | 0.85 | 1.42 | 0.69 
Q2 - - - - - - - - - - - - 0.60 ] 0.92 | 1.44 | 0.93 | 1.00 | 0.66 | 0.88 | 0.72 | 0.76 | 0.92 0.87 | 0.97 | 0.78 | 0.90 | 0.72 

Q3 - - - - - - - - - - - - 1.15 | 0.65 | 0.80 | 1.08 | 1.31 | 0.75 | 0.89 | 0.82 | 1.13 | 1.04 1.37 | 0.69 | 0.90 | 0.65 | 0.77 

Q4 - - - - - - - - - - - - 1.08 | 1.21 | 0.80 | 0.89 ] 0.69 | 0.50 | 0.88 | 0.99 | 0.85 | 0.70 0.62 ] 0.39 | 0.56 | 0.98 | 1.02 

Pr. [QL - - - - - - - - - - - - - - - - 1.07 | 1.08 | 1.02 | 1.05 | 0.75 | 0.62 0.96 | 1.15 | 0.75 | 0.72 | 0.60 
Q2 - - - - - - - - - - - - - - - - 0.87 | 1.05 | 0.98 | 1.44 | 0.72 | 0.88 1.02 | 0.74 | 1.13 | 0.85 | 0.86 

Q3 - - - - - - - - - - - - - - - - 0.78 | 0.89 | 0.90 | 0.89 | 0.73 | 1.14 0.84 ] 0.91 | 0.94 | 0.94 | 1.18 

Q4 - - - - - - - - - - - - - - - - 1.02 | 0.90 | 0.68 | 1.04 | 1.03 | 0.91 0.67 | 0.76 | 0.87 | 1.03 | 1.43 

wp | QL - - - - - - - - - - - - - - - - - - - - 1.08 | 0.39 0.98 | 1.29 | 0.80 | 0.80 | 0.72 
Q2 - - - - - - - - - - - - - - - - - - - - 0.72 | 1.13 1.32 | 0.79 | 0.96 | 0.53 | 1.46 

Q3 - - - - - - - - - - - - - - - - - - - - 1.02 | 1.16 1.21 | 0.97 | 0.87 | 0.45 | 1.36 

Q4 - - - - - - - - - - - - - - - - - - - - 1.03 | 1.13 1.02 | 0.90 | 1.26 | 1.08 | 1.39 

dp Ql - - - - - - - - - - - - - - - - - - - - - - 1.68 | 0.93 | 0.77 | 1.06 | 0.88 
Q2 - - - - - - - - - - - - - - - - - - - - - - 0.78 | 0.97 | 1.32 | 1.00 | 0.98 

Q3 - - - - - - - - - - - - - - - - - - - - - - 0.97 | 0.85 | 0.47 | 1.55 | 0.79 

Q4 - - - - - - - - - - - - - - - - - - - - - - 0.79 |] 0.74 | 0.84 | 1.16 | 0.83 
VB]Q1 - - - - - - - - - - - - - - - - - - - - - - - 1.27 | 0.85 | 0.96 | 0.99 
Q2 - - - - - - - - - - - - - - - - - - - - - - - 0.94 | 0.98 | 1.28 | 0.79 

Q3 - - - - - - - - - - - - - - - - - - - - - - - 1.19 | 1.51 | 0.66 | 1.51 

Q4 - - - - - - - - - - - - - - - - - - - - - - - 0.90 | 0.83 | 0.83 | 0.66 


Table 45: 2ODBI y? values for ¢ across parameter quartile combinations. 
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P; Ww, Op Wp d, B, 

Qi] 2) 3) Qi/ Qi, @) 37a; ay qe Qi] ai, @)] @3 7a) Qi, aq] aya Qi] Q2)] a3) Qi 

Oc Q1 | 1.19 | 0.83 | 0.88 | 1.47 | 0.50 | 1.08 | 1.42 | 1.30 | 0.95 | 0.64 | 0.86 0.54 | 1.08 | 0.75 | 1.57 | 0.86 | 1.69 | 0.93 | 0.75 | 0.78 1.12 | 0.82 | 0.55 | 0.82 
Q2 | 0.64 | 1.51 | 1.23 | 1.31 | 0.94 | 1.00 | 0.99 | 0.96 | 0.54 | 0.52 | 0.40 0.82 | 0.92 | 0.81 | 0.82 | 0.98 | 0.90 | 0.78 | 1.11 | 0.78 1.01 | 0.90 | 1.25 | 1.13 

Q3 | 1.04 | 0.82 | 0.97 | 0.93 | 0.67 | 1.46 | 0.81 | 0.83 | 0.85 | 0.66 | 1.43 1.00 | 0.82 | 1.06 | 1.28 | 0.92 | 1.15 | 1.36 | 1.03 | 1.34 0.96 | 1.29 | 1.06 | 1.14 

Q4 | 0.84 | 0.80 | 0.69 | 0.83 | 0.88 | 0.71 | 0.79 | 0.80 | 0.64 | 0.82 | 0.95 1.62 | 1.17 | 0.78 | 1.67 | 0.64 | 1.22 | 0.75 | 1.01 | 0.75 0.81 | 0.60 | 0.85 | 0.76 

P, Ql - - - - 0.78 | 0.51 78 | 1.48 | 0.96 | 0.70 | 1.08 0.82 | 1.05 | 1.28 | 0.91 | 0.46 | 1.47 | 0.81 ] 1.13 | 1.00 1.00 | 1.32 | 0.59 | 0.84 
Q2 - - - - 1.01 | 1.28 | 1.12 | 1.29 | 0.93 | 1.08 | 0.78 0.65 | 0.71 | 1.17 | 0.98 | 0.81 | 1.20 | 0.61 ] 0.59 | 0.60 0.87 | 1.78 | 0.97 | 0.96 

Q3 - - - - 0.62 | 0.80 | 0.57 | 1.16 | 0.80 | 0.71 | 0.95 1.30 | 1.17 | 0.62 | 1.13 | 1.09 | 1.25 | 1.02 ] 0.60 | 0.99 1.41 | 1.53 | 1.10 | 0.77 

Qt - - - - 1.06 | 1.10 | 1.25 | 1.26 | 1.33 | 0.63 | 1.27 1.51 | 0.61 | 0.86 | 0.81 | 0.69 | 0.69 | 0.81 ] 1.21 | 0.96 1.24 | 1.21 | 0.86 | 1.22 

We Ql - - - - - - - - 0.86 | 0.48 | 0.43 0.50 | 0.52 | 0.96 | 0.73 | 1.07 | 0.84 | 0.53 | 0.95 | 1.38 0.99 | 0.59 | 0.88 | 0.90 
Q2 - - - - - - - - 0.70 | 0.72 | 0.64 0.80 | 0.95 | 0.81 | 1.41 | 0.62 | 1.19 | 1.12 | 0.74 | 0.73 0.89 | 1.01 | 1.26 | 0.83 

Q3 - - - - - - - - 0.56 | 0.45 | 1.36 1.22 | 0.70 | 0.77 | 1.09 | 1.08 | 0.81 | 1.20 | 0.81 | 1.11 0.85 | 0.86 | 1.13 | 1.27 

Q4 - - - - - - - - 0.72 | 0.73 | 0.93 1.05 | 0.77 | 0.44 | 1.13 | 0.89 | 0.99 | 1.66 | 0.78 | 0.77 0.92 | 1.09 | 0.81 | 0.85 

op Ql - - - - - - - - - - - 0.42 | 0.49 | 0.61 | 0.95 | 0.54 | 0.63 | 0.53 |] 0.52 | 0.38 1.39 | 0.70 | 0.44 | 0.67 
Q2 - - - - - - - - - - - 0.64 | 0.67 | 0.78 | 0.74 | 0.52 | 1.29 | 1.11] 1.51 | 0.62 0.68 | 0.55 | 1.20 | 0.92 

Q3 - - - - - - - - - - - 0.87 | 1.03 | 0.70 | 1.15 | 0.99 | 1.33 | 0.61 ] 0.50 | 1.47 1.37 | 1.00 | 0.63 | 0.99 

Q4 - - - - - - - - - - - 1.28 | 1.13 | 0.99 | 1.24 | 0.92 | 0.82 | 1.22 ] 0.96 | 1.55 0.56 | 0.88 | 0.99 | 1.23 

P, [Ql - - - - - - - - - - - - - - - - 0.71 | 1.55 | 1.46 | 0.58 | 0.73 | 1.06 | 0.87 | 0.77 0.88 | 0.75 | 0.90 | 1.17 
QT - = = z z = g 5 = z = z z = = ~ 10.96] 1.39] 0.56] 0.77] 0.96] 0.72 | 1.26] 1.10 T.09 | 0.65 | 1.05 | 0.48 

03.) 2 z= : 2 : : . : : : e 2 Z r z ~ 10.68 | 0.65 | 0.45 | 0.69 | 145 | 0.66 | 146 | 0.66 0.56 | 1.04 | 0.50 | 0.98 

Of - : : E a : : : z : z Z : 3 > 10.73 | 0.97 | 1.35] 0.76] 1.04] 0.88 | 1.09 | 0.74 T.01 | 0.82 | 1.04 | 115 

wu | Ql] - 7 : : : : Fs E = z : - 5 7 : : : > [0.82] 1.19 | 0.96 | 0.67 0.94 | 0.61 | 0.64 | 0.79 
QT - z z Z 3 = : : = 2 z : : z : : = - 2 > 10.65 | 0.98 | 0.58 | 0.67 0.79 | 0.34 | 1.09 | 0.83 

O37) = : z z : = : zi 2 : 2 z : : 7 : = : z > [107] 1.16] 0.77 | 121 0.92 | 1.30 | 0.54 | 0.84 

Qf - = B 3 : z e Z z E : z : : : 7 > [1.02 70.83 | 0.92 | 0.85 0.89 | 1.12 10.87 | 0.53 

a, {[Qil_- F = : 2 : 2 = ; : : 5 . : zi 5 : : : : E 1.06 | 0.84 | 0.63 | 0.86 
QT - : z : : Fi : 7 é : 7 : = 5 : = 5 z z 2 - 7 0.99 | 0.49 [0.85 | 0.83 

QT - z : Z 2 z : : = zi : z z 3 2 7 z : 2 = : = E T.03 | 1.07 10.99 | 1.13 

Or - z z zi : z : a j : ; 7 7 7 : Z : z i : : 1.55 | 0.62 | 1.44 71.33 
VBTQiy- - 7 - 3 z 2 = : z : : : ; z : E Z : 2 1.15 | 0.74 | 1.17} 0.71 
QT. 2 - : : : : 5 : 2 : z 3 3 : E : : F : 5 5 > 10.62 | 1.16 | 0.73 | 0.85 

QT - 2 z = é : : : : 7 : 5 : 2 : 7 : z : = 7 2 z > 10.90 | 0.83 | 1.26 | 1.66 
Qiy- - ; 2 : = ; : : z 2 2 : z e 2 = : : 2 5 : : : > [0.83 | 1.38 | 0.76 | 0.72 

Table 46: 2ODBI y? values for 0 across parameter quartile combinations. 
: : 
C.4.2 Adaptive Sampling 
P. w, Wp B, 

Qi] @2) a) ar] qi; @) @3]7ay ary @ @] a) a; aqiy @ QF) Ql] Q2] a3] Qt 

Oc Q1 | 1.60 | 1.36 | 1.07 | 0.63 | 0.95 | 1.29 | 1.18 | 1.33 | 1.12 | 0.6 0.94 | 0.86 | 1.36 | 1.40 | 0.57 1.07 | 1.32 | 0.97 | 0.99 | 1.14 
Q2 | 0.84 | 1.17 | 0.54 | 0.82 | 1.38 | 0.96 | 0.63 | 1.20 | 0.96 | 0.55 0.89 | 1.01 | 1.13 | 1.01 | 0.77 0.87 | 1.47 | 0.90 | 0.45 | 1.01 

Q3 | 0.92 | 0.93 | 0.66 | 1.07 | 1.35 | 0.87 | 0.50 | 1.32 | 0.98 | 0.96 1.06 | 0.62 | 0.63 | 0.97 | 0.50 0.63 | 0.78 | 0.77 | 0.61 | 0.95 

Q4 | 0.78 | 0.87 | 1.14 | 0.66 | 0.75 | 1.40 | 0.98 | 1.05 | 1.02 | 0.84 0.89 | 1.47 | 0.92 | 1.41 | 0.61 0.73 | 1.07 | 0.66 | 0.60 | 1.39 

P. Ql - - - - 1.51 | 0.88 | 0.91 | 1.22 | 0.81 | 1.16 1.44 51 | 1.28 | 1.20 | 0.65 0.83 | 1.03 | 0.90 | 0.62 | 1.08 
Q2 - - - - 1.00 | 1.19 | 0.80 | 1.18 ] 1.03 | 0.92 0.88 |] 0.85 | 0.73 | 1.21 | 0.77 0.81 ] 1.28 | 1.16 | 0.76 | 1.04 

Q3 - - - - 0.70 | 0.85 | 1.07 ] 1.20 | 1.03 | 1.28 0.68 | 1.24 | 1.03 | 0.47 | 1.03 0.89 | 1.27 | 0.79 | 0.77 | 1.17 

Q4 - - - - 1.34 | 1.21 | 0.70 | 0.58 | 0.86 | 0.55 0.81 |] 1.07 | 0.53 | 1.27 | 0.90 0.72 | 0.97 | 0.91 | 0.93 | 1.04 

We Ql - - - - - - - - 0.93 | 0.79 0.83 | 1.26 | 0.73 | 0.91 | 0.63 0.79 | 1.08 | 0.94 | 0.91 | 0.62 
Q2 - - - - - - - - 1.27 | 0.64 1.02 | 1.10 | 0.51 | 0.79 | 0.82 1.12 | 1.02 | 1.07 | 0.58 | 1.21 

Q3 - - - - - - - - 1.28 | 0.99 0.71 | 1.06 | 0.90 | 1.21 | 0.48 0.83 | 0.95 | 0.70 | 0.63 | 1.36 

Q4 - - - - - - - - 1.11 | 1.17 0.57 | 1.22 | 0.97 | 1.59 | 0.90 0.97 | 1.58 | 0.69 | 0.94 | 1.46 

op Ql - - - - - - - - - - 1.08 | 1.36 | 0.96 | 1.28 | 0.70 1.05 | 0.87 | 0.83 | 0.39 | 1.40 
Q2 - - - - - - - - - - 1.32 | 0.83 | 0.96 | 1.13 | 0.91 0.59 | 1.06 | 1.10 | 0.76 | 1.09 

Q3 - - - - - - - - - - 0.90 | 1.12 | 0.72 |] 0.33 | 0.71 0.65 | 1.29 | 0.97 | 0.68 | 0.80 

Qt - - - - - - - - - - 0.93 | 0.68 | 1.14 ] 1.34] 1.01 0.84 | 1.03 Q 1.32 

P, {Ql - - - - - - - - - - 0.72 | 0.97 | 0.63 | 1.81 | 0.89 0.63 | 0.69 1.02 
Q2 - - - - - - - - - - 0.75 | 0.82 | 1.30 | 0.83 | 0.50 1.25 | 0.95 1.25 

Q3 - - - - - - - - - - 1.01 | 0.77 | 0.97 | 0.80 | 0.79 0.93 | 0.75 | 0.93 | 0.68 | 0.86 

Q4 - - - - - - - - - - 0.95 |] 1.37 | 0.90 | 1.25 | 1.04 0.78 | 1.67 | 1.13 | 0.68 | 1.42 

wy | QL - - - - - - - - - - - - - 1.44 | 0.56 1.14 | 1.52 | 1.09 | 1.04 | 0.88 
Q2 - - - - - - - - - - - - - - - - - - - - 0.65 | 0.81 1.43 | 0.93 | 0.61 | 0.74 | 1.13 

Q3 - - - - - - - - - - - - - - - - - - - - 0.66 | 0.92 0.58 | 1.59 | 0.83 | 0.49 | 1.50 

Q4 - - - - - - - - - - - - - - - - - - - - 1.63 | 1.01 1.07 | 1.24 | 1.15 | 0.70 | 1.04 

dp Ql - - - - - - - - - - - - - - - - - - - - - - 0.87 | 0.92 | 1.27 | 1.09 | 0.98 
Q2 - - - - - - - - - - - - - - - - - - - - - - 0.55 | 0.73 | 0.89 | 0.45 | 1.33 

Q3 - - - - - - - - - - - - - - - - - - - - - - 0.75 | 1.63 | 1.00 | 0.56 | 1.14 

Q4 - - - - - - - - - - - - - - - - - - - - - - 0.90 | 0.83 ] 1.35 | 1.23 | 0.93 
VB]Q1 - - - - - - - - - - - - - - - - - - - - - - - - - 0.97 | 0.86 | 0.61 | 1.35 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - - 1.67 | 0.91 | 1.02 | 0.59 

Q3 - - - - - - - - - - - - - - - - - - - - - - - - - 1.46 | 1.05 | 0.45 | 1.48 

Q4 - - - - - - - - - - - - - - - - - - - - - - - - - 0.81 | 0.50 | 0.94 | 1.38 


Table 47: 2ODBI y? values for 7, across parameter quartile combinations. 
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P; We Op VB B, 
Qi) Q2] a3) Qf) QI) Q2] Q3 7] ar] Qi) aq] a3) ar] ai QI Qi} ary q2)Q3) Qi) Ql] Q2) a3) Qi 
Oc QI | 1.27 | 0.72 | 1.09 | 1.77 | 0.72 | 1.11 | 1.21 | 1.35 | 1.25 | 0.68 | 1.08 | 1.46 | 1.29 0.78 1.23 | 1.19 | 1.24 | 1.10 | 0.47 | 0.92 | 0.83 | 1.05 | 0.99 
Q2 | 0.66 | 1.39 | 0.72 | 0.92 | 1.35 | 0.75 | 0.83 | 0.88 | 1.34 | 0.67 | 0.81 | 0.76 | 1.85 0.65 0.73 | 0.96 | 1.20 | 0.83 | 1.56 | 1.82 | 0.79 | 0.86 | 1.05 
Q3 | 0.93 | 0.82 | 0.67 | 0.95 | 0.65 | 0.72 | 0.52 | 1.05 | 0.90 | 0.72 | 1.12 | 0.88 | 0.58 0.93 1.85 | 1.40 | 0.78 | 0.97 | 0.94 | 0.82 | 0.96 | 0.84 | 0.53 
Q4 | 0.95 | 1.08 | 0.87 | 1.49 | 0.80 | 0.79 | 1.17 | 1.28 | 0.57 | 0.74 | 0.91 | 0.80 | 1.22 1.75 0.78 | 0.78 | 0.93 | 0.92 | 1.50 | 0.81 | 1.03 | 0.66 | 0.75 
P, Ql - - - - 0.85 | 0.96 | 0.88 | 0.73 | 1.31 | 0.64 | 0.60 | 0.90 | 1.72 0.97 1.13 | 0.67 | 1.06 | 0.93 | 0.69 | 0.97 | 1.43 | 0.95 | 1.00 
Q2 - - - - 1.56 | 0.59 | 0.84 | 0.62 | 1.85 | 0.85 | 0.68 | 0.97 | 1.09 1.21 0.66 | 1.24 | 0.49 | 1.26 | 0.68 | 0.94 | 0.73 | 0.38 | 0.95 
Q3 - - - - 1.09 | 1.22 | 1.07 | 0.81 | 1.43 | 1.22 | 0.73 | 0.95 | 0.98 1.10 1.24 | 0.47 | 0.95 | 0.89 |] 1.08 | 0.95 | 0.74 | 0.84 | 1.41 
Qt - - - - 1.24 | 1.13 | 0.72 | 1.80 | 0.46 | 1.05 | 1.89 | 1.53 | 0.89 1.03 1.50 | 1.12 | 0.97 | 0.62 ] 1.85 | 0.83 | 1.22 | 1.12 | 1.60 
We Ql - - - - - - - - 1.40 | 1.12 | 1.18 | 0.46 | 0.78 0.94 1.34 | 1.42 | 0.97 | 0.98 | 1.07 | 1.16 | 0.69 | 0.58 | 0.98 
Q2 - - - - - - - - 1.15 | 0.76 | 0.35 | 1.00 | 1.07 1.04 0.80 | 0.84 | 0.59 | 0.76 | 0.87 | 1.21 | 0.56 | 1.08 | 1.12 
Q3 - - - - - - - - 1.02 | 0.86 | 0.68 | 0.68 | 0.63 0.78 1.01 | 1.27 | 0.61 | 0.89 | 0.99 | 0.83 | 0.70 | 0.72 | 1.21 
Q4 - - - - - - - - 0.96 | 0.65 | 0.81 | 0.80 | 1.30 0.85 1.21 | 1.20 | 1.09 | 0.59 | 0.84 | 1.26 | 0.94 | 0.70 | 1.17 
op Ql - - - - - - - - - - - - 0.47 0.65 0.88 | 1.23 | 0.94 | 0.55 | 1.04 | 1.25 | 1.06 | 1.39 | 0.91 
Q2 - - - - - - - - - - - - 0.71 0.92 1.27 | 1.11 | 1.11 | 1.03 | 0.98 | 0.73 | 1.52 | 0.59 | 0.57 
Q3 - - - - - - - - - - - - 0.83 0.93 1.17 | 1.46 | 0.71 | 0.80 ] 0.76 | 0.80 | 0.65 | 1.14 | 1.38 
Q4 - - - - - - - - - - - - 0.80 114 1.28 | 1.21 | 0.94 | 1.11 ] 0.88 | 0.89 | 0.67 | 0.98 | 0.81 
P, [Ql - - - - - - - - - - - - - 0.72 0.73 | 0.87 | 0.94 | 1.40 | 0.61 | 1.13 | 0.98 | 1.04 | 0.99 
Q2 - - - - - - - - - - - - - 0.81 1.14 | 1.02 | 1.20 | 0.53 | 1.61 | 1.04 | 0.85 | 1.12 | 0.88 
Q3 - - - - - - - - - - - - - 0.85 1.17 | 1.53 | 0.70 | 0.94 | 0.93 | 1.46 | 1.06 | 0.49 | 1.67 
Q4 - - - - - - - - - - - - - 115 0.59 ] 0.75 | 0.45 | 1.35 | 1.17 | 1.37 | 0.92 ] 0.81 | 0.47 
wp | QL - - - - - - - - - - - - - - - - - - - - Lat 0.84 | 0.76 | 0.65 | 0.84 | 1.16 | 1.36 | 1.16 | 0.95 | 0.98 
Q2 - - - - - - - - - - - - - - - - - - - - 0.76 1.11 | 0.80 | 0.70 | 0.36 ] 0.95 | 0.92 | 0.90 | 1.17 | 1.33 
Q3 - - - - - - - - - - - - - - - - - - - - 1.27 1.29 | 1.42 | 0.96 | 1.12 ] 1.13 | 0.53 | 0.80 | 1.32 | 1.25 
Q4 - - - - - - - - - - - - - - - - - - - - 0.85 1.12 | 1.53 | 1.02 | 0.96 | 0.84 | 1.13 | 0.98 | 1.17 | 1.05 
dp Ql - - - - - - - - - - - - - - - - - - - - - - - - 1.29 | 0.98 | 1.01 | 1.12 | 1.60 | 1.00 | 0.51 | 0.79 
QF) a | ss z : : Fi : 7 oy fot Wi eral taal] Wea? [acer ce : z 7 Z : > 10.89 [0.89 | 0.75] 1.11] 0.84] 0.79 | 1.07 | 0.79 
O3)| 22 shoe : Z 2 z : : = beds al cave: Gealiae, [Dee z z = = > 111070537130] 101 | 0.97] 148 | 1.26 | 0.93 
[ay es a z zi : : : a a ee eae ee ee : Z : z z : > 11.95 [0.68 | 052 10.79] 0.56] 0.59 | 0.63 | 0.86 
VBTQil- | - 7 z z 2 = 7 Sree | eet me: ee tel z : E : : > f. )- | - | - | 1247111 10.79 | 1.09 
OQ2)| =f oe - a E - : 5 : er le teal al perl tees tee : E : : F : 5 = |e = [oe os (ar 0:74)-181 | 0.96 
Q3iae- 1) 2 : é : : : : av lpierd|’ =o: al ree kee a cil Oe : z : = 7 2 > Ps pf) = |= 70.75 10.73 | 1.26 | 0.91 
(aya a ae 5 = : = : : : Selo nea| vers er iiaae ete te 5 : : : 5 : : ~~. | - | - |= | 1407105 | 1.04 | 0.89 
a ba ttcols 
Table 48: 20DBI x? values for 7, across parameter quartile combinations. 
P. We ‘Pe Wp d, VB 
Qi] Q2] a3) Qi] QI] Q2] Qs] ai Q] Qi) @) 7a) Qi; @] ey) aay qa) @ @ 793) ar) Qi 
Oc QI | 1.20 | 0.74 | 0.75 | 1.21 | 1.11 | 0.67 | 1.09 | 0.81 1.33 | 0.48 | 0.76 | 1.52 | 1.01 | 0.79 | 1.13 | 1.05 | 1.01 | 1.43 | 1.26 | 0.86 0.94 | 0.70 | 0.94 | 0.95 
Q2 | 0.62 | 1.06 | 0.68 | 1.04 | 1.15 | 1.01 | 0.94 | 0.97 1.20 | 1.01 | 1.05 | 0.63 | 0.92 | 0.77 | 1.25 | 0.41 | 0.91 | 0.53 | 0.71 | 0.97 0.85 | 0.80 | 1.16 | 1.75 
Q3 | 0.97 | 0.73 | 0.84 | 1.06 | 0.62 | 0.90 | 0.66 | 1.40 0.71 | 0.86 | 0.94 | 0.89 | 0.35 | 0.44 | 1.09 | 0.89 | 0.65 | 0.89 | 0.71 | 0.68 1.05 | 0.56 | 0.66 | 0.48 
Q4 | 0.51 | 0.86 | 0.94 | 0.85 | 0.86 | 0.75 | 0.91 | 0.63 1.00 | 1.26 | 1.06 | 0.79 | 0.74 | 0.75 | 0.51 | 1.08 | 0.91 | 0.48 | 1.05 | 0.83 0.70 | 0.58 | 0.91 | 0.60 
P; Ql - - - - 1.22 | 0.46 | 0.97 | 0.70 1.04 | 0.84 | 1.14 | 1.08 | 0.83 ] 0.68 | 1.40 | 0.80 | 0.83 | 1.60 | 0.86 | 0.87 0.75 | 1.17 | 1.20 | 0.71 
Q2 - - - - 1.14 | 0.79 | 0.68 | 1.50 1.38 | 0.72 | 1.70 | 0.83 | 0.65 | 0.77 | 0.63 | 0.75 | 0.70 | 1.03 ] 0.55 | 0.72 0.70 | 1.11 | 0.94 | 0.76 
Q3 - - - - 1.30 | 0.63 | 0.88 | 0.59 1.02 | 0.93 | 1.05 | 1.05 | 0.86 | 0.88 | 0.82 51 | 0.98 | 1.01 | 1.27 | 0.56 0.94 | 0.69 | 0.95 | 1.23 
Q4 - - - - 1.36 | 0.91 | 0.99 | 0.77 0.80 ] 1.09 | 1.08 | 0.78 | 1.03 | 0.80 | 0.72 | 0.77 | 0.22 | 0.62 | 0.46 | 0.71 0.69 | 1.03 | 1.05 | 0.84 
We Ql - - - - - - - - 0.94 | 0.67 | 0.66 | 0.74 | 0.91 | 1.27 | 1.04 | 1.47 | 0.59 | 1.02 | 0.59 | 0.86 0.46 | 0.88 | 1.11 | 0.73 
Q2 - - - - - - - - 1.07 | 0.71 | 0.85 | 0.98 | 0.92 | 0.89 | 1.04 | 1.13 | 0.58 | 0.92 | 0.73 | 0.49 1.02 | 1.22 | 0.55 | 0.99 
Q3 - - - - - - - - 1.07 | 0.62 | 0.79 | 1.00 | 1.01 | 0.82 | 0.85 | 0.53 | 0.92 | 0.94 | 1.00 | 0.97 0.76 | 0.64 | 0.93 | 0.76 
Q4 - - - - - - - - 1.16 | 0.79 | 1.35 | 0.89 | 0.62 | 0.79 | 1.00 | 0.65 | 0.47 | 1.20 | 0.63 | 0.77 0.88 | 0.86 | 0.42 | 0.74 
Op Ql - - - - - - - - - - - - 0.77 | 0.64 | 0.84 | 0.47 | 0.70 | 0.89 | 0.74 | 0.59 | 0.96 | 0.52 | 0.95 1.52 | 0.67 | 0.63 | 0.64 
Q2 - - - - - - - - - - - - 1.19 | 0.85 | 0.79 | 0.46 |] 0.82 | 1.69 | 1.08 | 1.11 ] 1.79 | 0.90 | 0.85 0.82 |] 0.76 | 0.88 | 0.79 
Q3 - - - - - - - - - - - - 0.87 | 1.05 | 0.79 | 0.57 | 0.55 | 1.15 } 1.02 | 0.75 | 1.08 ] 0.71 | 0.30 0.81 | 0.59 | 0.48 | 0.67 
Q4 - - - - - - - - - - - - 0.84 | 0.84 | 1.03 | 1.07 | 0.87 | 1.02 | 1.14 | 0.68 | 1.06 | 1.07 | 0.88) 0.50 | 1.47 | 1.04 | 0.91 
Pr. [QL - - - - - - - - - - - - - - - - 0.61 | 0.65 | 0.40 | 0.41 | 1.26 | 0.90 | 0.74 0.68 | 1.14 | 0.87 | 0.75 
Q2 - - - - - - - - - - - - - - - - 0.77 | 1.04 | 0.92 | 1.25 | 0.99 | 1.02 | 1.20 1.39 | 0.96 | 0.45 | 1.40 
Q3 - - - - - - - - - - - - - - - - 0.32 ] 1.19 | 1.10 | 0.50 | 0.80 | 1.04 | 0.57 0.74 | 0.66 | 0.69 | 1.05 
Q4 - - - - - - - - - - - - - - - - 0.56 ] 0.85 | 0.84 | 0.70 | 1.40 | 0.61 | 0.86 0.57 | 0.75 | 0.92 | 0.86 
wp | QL - - - - - - - - - - - - - - - - - - - - 1.00 | 0.60 | 0.87 0.68 | 1.00 | 0.57 | 0.88 
Q2 - - - - - - - - - - - - - - - - - - - - 0.97 | 1.14 | 0.75 1.02 | 1.41 | 1.15 | 1.17 
Q3 - - - - - - - - - - - - - - - - - - - - 0.84 | 1.01 | 0.60 0.52 ] 1.01 | 0.50 | 0.87 
Q4 - - - - - - - - - - - - - - - - - - - - 0.87 | 0.89 | 0.31 0.70 | 0.70 | 0.37 | 0.56 
dp Ql - - - - - - - - - - - - - - - - - - - - - - - 0.65 | 1.57 | 1.68 | 1.28 
Q2 - - - - - - - - - - - - - - - - - - - - - - - 0.59 | 1.01 ] 0.66 | 1.15 
Q3 - - - - - - - - - - - - - - - - - - - - - - - 0.75 | 1.21 | 0.69 | 0.97 
Q4 - - - - - - - - - - - - - - - - - - - - - - - 1.15 | 1.30 | 0.94 | 0.96 
VBTQil- | - : 3 Z 5 Fi : Sool gs, a] a? fl? iit eee 5 2 = : z 5 = mall rst. ae | eee [os (as: 
QIwhax sires 2 é z 5 2 : a oer eel ee zi z : : : 2 : a ean ee ea) 
Qt - )- : . : : : 5 E Beal eee beh anf (es : : : : : z Sede) es [owas | pen, 1120081 
Qa) =| 5 5 7 ; é : = = fe [earl] ee) en] se | oe = 5 : 7 ; z 5 ~ P. |= | - | - | 0.66 


Table 49: 2ODBI y? values for v across parameter quartile combinations. 
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P. We Wp d, VB Bi 
Qi] @2) a3) Qi] Qi; @) ay ay ay @ Qi] Qi, @) @37 a) Qi; @] ey), a],aqay;@) ey as ay@]ey)a 
Oc Q1 | 1.02 | 1.01 | 0.99 | 1.00 | 1.28 | 0.98 | 1.20 | 0.84 | 1.09 | 1.20 0.89 | 0.72 | 1.16 | 1.07 | 0.66 | 0.97 | 0.60 | 0.93 | 0.60 | 1.20 | 1.50 | 0.47 | 0.83 | 0.66 | 0.95 | 0.94 | 0.55 
Q2 | 1.17 | 0.79 | 0.94 | 0.77 | 1.34 | 0.82 | 1.04 | 1.07 | 0.57 | 0.64 1.35 | 1.05 | 0.73 | 1.24 | 0.81 | 0.65 | 0.53 | 1.02 | 0.67 | 0.80 | 0.58 | 1.03 | 0.71 | 0.69 | 0.77 | 1.41 | 0.70 
Q3 | 1.08 | 0.83 | 1.26 | 1.52 | 1.23 | 0.95 | 1.04 | 0.78 | 2.04 | 0.44 0.98 | 1.17 | 0.91 | 0.76 | 0.79 | 1.02 | 0.97 | 0.95 | 0.85 | 0.85 | 0.73 | 1.08 | 0.90 | 1.04 | 1.24 | 1.23 | 0.85 
Q4 | 0.87 | 0.77 | 0.72 | 0.95 | 0.94 | 1.55 | 1.07 | 0.57 | 1.32 | 1.39 0.71 | 0.80 | 0.90 | 1.06 | 1.10 | 1.00 | 0.68 | 0.87 | 1.01 | 1.40 | 0.99 | 1.34 | 1.03 | 1.96 | 1.63 | 0.98 | 0.84 
P, Ql - - - - 1.23 | 1.24 | 1.05 | 1.12 | 0.95 | 0.91 1.10 | 0.82 | 0.86 | 1.38 | 0.90 | 1.61 | 0.67 | 0.92 | 0.73 | 0.92 | 0.77 | 1.08 | 1.01 | 1.57 | 1.53 | 1.06 | 1.09 
Q2 - - - - 0.71 | 1.12 | 0.88 | 0.45 | 0.94 | 0.55 1.57 | 0.45 | 0.76 | 0.79 | 0.71 | 0.62 0.92 ] 0.85 | 1.10 | 1.18 | 1.04 
Q3 - - - - 1.31 | 0.88 | 0.70 | 1.05 | 1.39 | 1.32 0.80 ] 0.61 | 0.92 | 1.02 | 1.01 | 0.68 0.77 | 1.33 | 1.03 | 0.97 | 0.57 
Qt - - - - 1.46 | 1.00 50 | 0.80 ] 1.28 | 1.68 0.60 | 0.93 | 0.83 ] 1.45 | 1.01 | 1.37 0.98 ] 0.73 | 0.90 | 0.81 | 1.54 
We Ql - - - - - - - - 1.44 | 0.85 0.67 | 1.11 | 0.84 | 1.43 | 0.69 | 0.71 1.36 | 1.48 | 1.81 | 0.84 | 1.21 
Q2 - - - - - - - - 0.94 | 0.96 1.03 | 1.05 | 0.84 | 1.08 | 1.06 | 0.80 0.73 | 1.44 | 0.86 | 1.22 | 0.71 
Q3 - - - - - - - - 1.74 | 0.80 1.05 | 0.71 | 1.09 | 0.89 | 1.18 | 1.09 1.00 | 1.09 | 1.14 | 1.22 | 1.43 
Q4 - - - - - - - - 0.80 | 1.10 1.28 | 0.74 | 0.53 | 0.92 | 1.38 | 0.87 1.16 | 0.76 | 1.41 | 0.77 | 1.21 
op Ql - - - - - - - - - - 0.99 | 0.90 | 1.02 | 1.40 | 1.24 | 0.61 1.46 | 1.35 | 1.02 | 1.14 | 1.20 
Q2 - - - - - - - - - - 0.90 | 0.69 | 1.06 | 1.15 | 1.65 | 0.97 1.48 | 0.89 | 0.62 | 0.52 | 0.79 
Q3 - - - - - - - - - - 0.82 | 0.64 | 0.79 | 1.21 | 0.94 | 1.22 0.81 | 1.00 | 0.93 | 1.66 |] 1.12 
Q4 - - - - - - - - - - 0.73 | 0.72 | 0.70 | 0.99 | 1.11 | 1.20 0.66 | 0.94 | 0.67 | 1.24 | 1.05 
P, [Ql - - - - - - - - - - - - - - 0.81 | 1.15 | 0.79 | 0.56 | 1.60 1.14 | 0.84 | 1.08 | 1.18 | 0.95 
Q2 - - - - - - - - - - - - - - 0.76 | 1.33 51 | 1.01 | 0.58 1.03 | 1.41 | 1.31 | 1.24 | 0.61 
Q3 - - - - - - - - - - - - - - 1.02 | 1.02 | 0.98 | 1.44 | 1.38 1.39 | 0.84 | 1.48 | 1.63 | 0.99 
Q4 - - - - - - - - - - - - - - 0.85 | 1.08 |] 1.20 | 1.43 | 0.74 0.85 | 0.87 | 1.69 | 0.74 | 1.05 
wp | QL - - - - - - - - - - - - - - - - - - 1.16 0.57 | 0.60 | 0.71 | 0.59 | 0.67 
Q2 - - - - - - - - - - - - - - - - - - 0.67 0.74 | 0.74 | 0.96 | 1.25 | 0.69 
Q3 - - - - - - - - - - - - - - - - - - 1.06 0.76 | 1.01 | 0.65 | 0.83 | 1.22 
Q4 - - - - - - - - - - - - - - - - - - 0.92 1.48 | 0.96 | 0.88 | 1.35 | 0.76 
dp Ql - - - - - - - - - - - - - - - - - - - 0.73 | 1.37 | 1.11 | 0.88 | 1.02 
Q2 - - - - - - - - - - - - - - - - - - - 54 | 0.82 | 0.74 | 1.07 | 0.84 
Q3 - - - - - - - - - - - - - - - - - - - 0.69 | 1.02 ] 1.02 | 1.22 | 1.15 
Q4 - - - - - - - - - - - - - - - - - - - 0.95 |] 0.88 | 0.94 | 0.89 | 0.79 
VB]QI - - - - - - - - - - - - - - - - - - - - 1.29 | 1.03 | 1.45 | 0.91 
Q2 - - - - - - - - - - - - - - - - - - - - 0.78 | 0.75 | 0.99 | 1.32 
Q3 - - - - - - - - - - - - - - - - - - - - 1.08 | 1.55 | 1.08 | 0.85 
Q4 - - - - - - - - - - - - - - - - - - - - 1.05 | 0.96 | 1.16 | 0.94 
Table 50: 2ODBI x? values for ¢ across parameter quartile combinations. 
P; We op Wp B, 
Qi) Q2] a3) Qf) Ql) Q2] O37 ar] Qi) Q2] a3 7 ar] ai Q2] Q3) Qi] Qi QF) Ql] Q2] a3] Qt 
Oc Q1 | 0.80 | 0.59 | 0.86 | 0.84 | 0.93 | 0.98 | 0.88 | 0.90 | 1.16 | 0.73 | 0.55 | 0.87 | 1.22 0.76 | 1.03 | 0.78 | 1.25 1.35 | 1.14 | 1.34 | 0.87 | 0.80 
Q2 | 0.77 | 1.05 | 1.33 | 0.94 | 1.00 | 0.79 | 1.40 | 0.74 | 1.13 | 1.03 | 1.10 | 1.17 | 0.94 1.70 | 1.11 | 1.04 | 0.96 0.84 | 0.89 | 0.99 | 1.00 | 1.56 
Q3 | 0.79 | 1.41 | 1.47 | 0.91 | 0.85 | 0.85 | 0.84 | 0.60 | 1.00 | 0.92 | 0.61 | 0.76 | 1.72 0.97 | 1.41 | 0.73 | 0.92 1.20 | 1.37 | 1.08 | 0.56 | 0.84 
Q4 | 0.89 | 0.77 | 0.86 | 1.02 | 0.56 | 1.14 | 0.94 | 0.83 | 0.79 | 0.46 | 0.98 | 0.76 | 0.88 1.48 | 0.96 | 0.98 | 0.69 0.70 | 1.78 | 0.58 | 0.61 | 0.88 
P; Ql - - - - 0.63 | 0.84 | 0.68 | 0.94 | 1.11 | 0.77 | 1.06 | 0.80 | 0.89 0.88 | 1.06 | 0.57 | 0.74 0.71 | 0.95 | 0.83 | 0.35 | 1.11 
Q2 - - - - 0.98 | 0.60 | 1.26 | 1.16 ] 1.25 | 0.98 | 1.10 | 0.79 | 1.30 1.25 | 1.00 | 0.53 | 0.80 0.86 | 0.53 | 1.26 ] 0.74 | 0.91 
Q3 - - - - 0.41 | 0.83 | 0.88 | 1.55 | 1.23 | 0.98 | 1.29 | 0.86 | 0.97 0.87 | 0.91 | 0.96 | 1.20 0.48 | 1.23 | 1.45 | 1.23 | 1.02 
Q4 - - - - 1.00 | 0.69 | 1.14 | 0.62 | 0.76 | 0.83 | 0.55 | 0.71 | 0.98 0.71 | 1.09 ] 1.00 | 0.70 0.99 ] 1.16 ] 1.35 | 0.75 | 1.12 
We Ql - - - - - - - - 0.89 | 0.56 | 1.11 | 0.91 | 0.69 0.66 | 0.67 | 1.27 | 0.59 0.95 | 1.11 | 0.89 | 0.95 | 0.79 
Q2 - - - - - - - - 0.84 | 1.14 | 1.13 | 0.80 | 1.33 1.17 | 1.21 | 0.50 | 0.83 0.64 | 1.06 | 1.09 | 0.55 | 1.18 
Q3 - - - - - - - - 1.02 | 1.03 | 1.07 | 1.36 | 1.40 1.19 | 0.55 | 1.23 | 0.97 1.57 | 1.03 | 0.90 | 1.11 | 1.21 
Q4 - - - - - - - - 1.17 | 0.63 | 1.18 | 1.21 | 1.44 1.08 | 1.27 | 1.44 | 0.76 0.88 | 1.11 | 0.87 | 1.07 | 0.62 
Op Ql - - - - - - - - - - - - 1.10 0.97 | 0.76 | 0.76 | 0.94 0.91 | 0.70 ) 1.40 | 0.75 | 1.89 
Q2 - - - - - - - - - - - - 1.47 0.52 | 0.84 ] 1.00 | 0.59 1.25 | 1.22 | 0.94 | 1.07 | 1.18 
Q3 - - - - - - - - - - - - 114 0.98 | 1.37 | 1.16 | 0.94 0.81 ] 1.09 ] 1.31 | 0.89 | 0.78 
Q4 - - - - - - - - - - - - 0.73 0.79 | 0.85 | 0.87 | 0.67 1.16 | 0.86 | 1.02 | 1.05 | 1.57 
Pr. [QL - - - - - - - - - - - - - 1.28 | 1.33] 1.11 | 1.41 1.13 | 1.06 | 1.07 | 0.76 | 1.57 
Q2 - - - - - - - - - - - - - 0.67 | 0.96 | 1.47 | 1.31 1.06 | 1.10 | 1.12 | 0.81 | 1.27 
Q3 - - - - - - - - - - - - - 1.03 | 0.85 | 1.00 | 0.69 1.27 | 1.39 | 1.24 | 0.94 | 0.66 
Q4 - - - - - - - - - - - - - 0.59 | 0.82 | 0.70 | 1.38 0.87 | 0.84 ] 1.17 | 0.61 | 0.78 
wp | QL - - - - - - - - - - - - - - - - 0.77 1.13 | 1.13 | 1.46 | 0.78 | 1.17 
Q2 - - - - - - - - - - - - - - - - - - 1.24 1.13 | 0.97 | 0.95 | 0.87 | 1.29 
Q3 - - - - - - - - - - - - - - - - - - 0.52 0.81 ] 1.14 | 0.83 | 1.28 | 0.72 
Q4 - - - - - - - - - - - - - - - - - - 0.91 1.01 | 0.93 | 0.92 | 0.83 | 0.95 
dp Ql - - - - - - - - - - - - - - - - - - - 0.81 | 1.24 | 1.03 | 0.86 | 1.44 
Q2 - - - - - - - - - - - - - - - - - - - 1.05 | 0.67 | 1.08 | 1.01 | 0.95 
Q3 - - - - - - - - - - - - - - - - - - - 1.00 | 0.95 | 1.05 | 0.98 | 1.15 
Q4 - - - - - - - - - - - - - - - - - - - 1.22 | 1.23 | 0.99 | 1.23 | 0.69 
VB]Q1 - - - - - - - - - - - - - - - - - - - - - - - - - - 1.34 | 1.77 | 0.57 | 1.09 
Q2 - - - - - - - - - - - - - - - - - - - - - - - - - - 0.67 | 0.98 | 0.92 | 0.69 
Q3 - - - - - - - - - - - - - - - - - - - - - - - - - - 0.99 | 0.85 | 0.79 | 0.90 
Q4 - - - - - - - - - - - - - - - - - - - - - - - - - - 0.87 | 0.69 | 1.13 | 0.81 
Table 51: 2ODBI y? values for 0 across parameter quartile combinations. 
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